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ABSTRACT 
 Microenvironmental stimuli are important in maintenance of homeostasis, 
development, and tumor progression. For example, in tumor tissues the collagen becomes 
abnormal when tumor advances, and this remodeling may potentially in turn impact cell 
fates and even malignancy. However, little has been investigated into how this matrix 
reorganization occurs and regulates cellular behaviors through intracellular signaling 
transduction. This also poses a challenging but important question regarding how cells 
dynamically integrate cell-cell and cell-matrix interactions to respond to this mechanical 
remodeling.  
Tumor microenvironment is multi-faceted and dynamic, and quantitative 
understanding of the feedback between the tumor and the microenvironment requires a 
high-dimensional quantitative analysis. To pursue these goals, we first developed a 
toolkit to precisely and reliably quantify matrix-based microenvironmental features 
during tumor progression. A collagen network dynamic model was also built to further 
study and predict the mechanical property changes during collagen remodeling in tumor 
expansion. The transcriptional regulators Yes-associated protein (YAP) and 
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transcriptional co-activator with PDZ-binding motif (TAZ) have been found as the most 
robust mechanosensors that tightly regulate malignant phenotypes and chemo-resistance 
in many cancers, however we have little knowledge of how they are regulated by 
multiplexed microenvironmental stimuli simultaneously. Here, we combined 
computational modeling with experimental evidence to examine how changes in matrix 
mechanical property regulate YAP/TAZ and related phenotypes integrating varying local 
cell densities and the integration signaling mechanism. The kinetic parameter estimation 
of our model suggests that the key mechanism in driving YAP/TAZ activation in the 
triple negative breast cancer MDA-MB-231 cell lines is the endogenous high 
contractility. Therefore, the matrix feature quantification, the collagen network 
mechanical predictions and integration mechanism of YAP/TAZ upstream signaling 
present a comprehensive knowledge of the role of collagen remodeling in cancer at 
different scales and time points. This study of platform enables potential treatment 
strategy exploration based on mechanical inhibition in cancer cells, and more 
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Chapter 1: Introduction 
 
From the birth of an infant, a puppy or a platy fry till they grow into adulthood, there is 
always a precise body growing template. We always have symmetric thumbs and fingers, 
even they are far apart by two arm lengths. A cell on an organ tip often knows when to 
stop splitting so that the whole organ is neither too large nor too small. Thus every corner 
in this tissue shares a mysterious system to measure and spread the global tissue 
macrostructure information. Cancer apparently loses this precise control with 
malfunctions in this measurement and communication system. 
Every one out of two men and one of three women has developed cancer in their 
lifetime (Hayat, Howlader, Reichman, & Edwards, 2007). Cancer has the second highest 
mortality rate in US ranking after the heart disease (statistics from the Centers for Disease 
Control and Prevention). In recent years, among all types of cancer, the breast cancer has 
the highest incidence rate and the second highest death rate in women. According to the 
immunohistochemistry (IHC), breast cancer can be divided into four molecular subtypes: 
luminal A (with the estrogen receptor positive (ER+) and the human epidermal growth 
factor receptor 2 negative (HER2-)), luminal B (ER+, HER2+/- and high Ki67, having 
poor diagnosis in comparison with luminal A), HER2 (ER+, the progesterone receptor 
(PR)+, lymph node+ and poorer tumor grade) and triple negative breast cancer (TNBC) 
or basal like (mostly ER/PR/HER2-) (Koboldt et al., 2012; Rouzier et al., 2005). Among 
them, TNBC patients have a much shorter median time from relapse to death, and there is 
no effective treatment that targets this defining vulnerability (Hudis & Gianni, 2011). 




extracellular matrix (ECM), which provides the chemical and structural support for these 
cells. Cancer cells must bypass the contact inhibition to become hyperplasia. Furthermore, 
the extracellular matrix (ECM) is constantly reorganized during tumor expansion and 
metastasis. Tumor associated collagen signatures (TACS) have been found as a 
prognostic indicator at different tumor stages. An altered ECM mechanics has been 
shown to affect cellular behavior through the downstream mechanosensitive YAP/TAZ 
signaling (Dupont et al., 2011), which promotes cell proliferation and tumor malignancy 
(Zanconato, Battilana, Cordenonsi, & Piccolo, 2016). However, little has been 
investigated into how the collagen remodeling occur and affect tumor cells during tumor 
progression. Therefore, I partitioned this question into three parts (i) the development of a 
reliable quantitative assessment of collagen-based microenvironment features, (ii) how 
collagen remodeling occurs during tumor progression, and (iii) how this remodeling 
affects cell behaviors through intracellular signaling at various cell densities.  
1.1 Hypothesis and Aims 
Based on literature readings, I hypothesized that collagen remodeling promotes tumor 
cell phenotype heterogeneity and tumor progression through YAP/TAZ signaling. To 
study this hypothesis, I built my work upon three specific aims:  
Aim1: Develop, optimize and validate a computational algorithm for collagen fiber 
reorganization quantification. 
To study the effect of collagen remodeling on tumor cells, first of all, a reliable 
quantification of collagen features was required, and this can be a potential quantitative 




validate this quantification method. With such a quantitative tool, studies on correlations 
among microenvironment features and tumor progression can be further addressed. This 
study provided a platform and corresponding toolkit for studying microenvironment 
features and can inspire a database construction to further reveal their roles in biology 
and medicine in big data methods.  
Aim2: Develop a computational model to reveal the mechanism of collagen fiber 
remodeling and reveal its corresponding mechanical changes. 
During tumor expansion, how the collagen network responds to this expansion-driven 
compression structurally and mechanically remained unclear. Therefore we built a 
collagen fiber network model to study the temporal changes of matrix structure and 
mechanics when applying series of external step-like compression. We revealed the 
density, the alignment and the mechanical changes during this tumor expansion. The 
roles of multiple single collagen fiber and network properties in collagen remodeling 
were tested to support collagen fiber targeted tumor treatment designs. 
Aim3: Develop a mathematical model for the intracellular signaling integration between 
cell-ECM and cell-cell mechanical interactions through YAP/TAZ. 
Recent study found that YAP/TAZ are important downstream mechanosensors of both 
cell-ECM and cell-cell mechanical signals to regulate proliferation, differentiation, tumor 
progression and tissue organization. Therefore they play a significant role in transducing 
collagen remodeling signals to regulate cell phenotypes and tumor progression. There 
was a lack of comprehensive knowledge in how collagen mechanics affects benign and 




cell-matrix signaling. We thus built a mathematical model in understanding the signaling 
difference between benign and triple negative breast cancer cells. 
 Because there were no reliable experiments to align collagen in vitro in the 
presence of tumor spheroids, multiple computational models were built to study this 
multi-step process during collagen remodeling and tumor progression. By revealing the 
mechanism in each model, we hope that they can imply the answer of our question as a 
whole. Characterizing collagen features, predicting local collagen mechanical changes, 
and integrating cell-cell and cell-matrix interaction signaling historically had been 
challenging due to the difficulties in observing and quantifying at each scale, as well as 
the complexities in a dynamic manner. Our study allowed us to better understand tumor 
progression from the perspective of tumor microenvironments, and provide novel insights 
in collagen remodeling dynamics and intracellular signaling during tumor progression. 
The YAP/TAZ signaling model also provided a platform to explore more precise and 
efficient drug targets. 
1.2 Structure of Thesis 
Chapter 1 provides an introduction of the key question I investigated about tumor 
microenvironment on tumor progression in my thesis. Chapter 2 provides a background 
introduction about tumor microenvironment with a focus on tumor associated collagen 
signatures, cell-ECM interactions, cell-cell interactions, and YAP/TAZ signaling. 
Chapter 3 covers studies about developing a rapid, accurate and reliable quantification 
toolkit for tumor associated matrix-based microenvironment features and reveals their 




study of a novel collagen fiber network model, which was used to study the structure and 
the mechanics of collagen remodeling during tumor progression. Chapter 5 describes the 
mathematical model integrating cell-ECM and cell-cell interactions and validations with 
experiments in benign and triple negative breast cancer cells. Chapter 6 discusses the 
major contributions of each project and provides demo of some future projects that are 





Chapter 2: Background 
2.1 The Breast Cancer Tumor Microenvironment 
Tumor microenvironments consist of healthy cells, such as immune and stromal cells, 
and of extracellular matrix (ECM). In vivo, the ECM surrounding cells is composed of 
polysaccharides and proteins (Pedersen & Swartz, 2005). Though the exact composition 
of ECM is tissue dependent, its primary structural component is collagen, a stiff triple-
helical protein that self assembles into load-bearing fibers. Over 30% of all protein in the 
human body consists of collagen, and roughly 90% of this collagen is type I collagen (Di 
Lullo, Sweeney, Körkkö, Ala-Kokko, & San Antonio, 2002).  
 Recent studies have shown that the mechanical properties of tumor 
microenvironment are critical in driving tumor progression (Levental et al., 2009; Paszek 
et al., 2005). The ECM properties are tightly regulated by cells in development and 
homeostasis, and aberrant alterations are prominent drivers in many diseases, including 
cancer. Tumor cells often directly, or indirectly through interactions with stromal cells, 
remodel their ECM. In cancer progression, cells also aggressively reorganize collagen in 
their microenvironment. These reorganizations, characterized as tumor associated-
collagen signatures (TACS, Figure 2-1), have been proposed as a prognostic biomarker 
for cancer progression (Conklin et al., 2011; Paolo P Provenzano et al., 2006). When a 
tumor is not palpable, collagen is identified to be densified around tumor (TACS1). 
When a tumor is palpable but not invasive, collagen fiber has been observed to have the 
tangential alignment around tumor (TACS2). When a tumor is malignant and becomes 




(Meng Sun et al., 2015; Vader, Kabla, Weitz, & Mahadevan, 2009) (TACS3). This radial 
aligned collagen promotes tumor cells migration and further assists metastasis (Paolo P 
Provenzano, Inman, Eliceiri, Trier, & Keely, 2008). Such alterations, including changes 
in collagen density (Paszek et al., 2005), crosslinks (Levental et al., 2009) or fiber 
alignment (Conklin et al., 2011; Meng Sun et al., 2015), can make tumor tissues stiffer 
than comparable healthy tissues, and thus promote tumor progression. Interestingly, even 
benign cells can display malignant phenotypes when exposed to matrix with altered 
mechanical properties (Paszek et al., 2005). One mechanism of induction of malignancy 
involves cytoskeletal remodeling, which initiates through focal adhesion molecules 
including FAK or Talin that sense matrix stiffness (Elosegui-Artola et al., 2017; 
Mammoto & Ingber, 2009; M Sun et al., 2016; Meng Sun & Zaman, 2017). 
2.2 Cell-matrix interactions1 
Integrins on cell membranes bind to the ECM and initially form small, transient matrix 
contact structures, called nascent adhesions. Proteins are recruited to bind with integrin 
cytoplasmic domains, such as paxillin (Deakin & Turner, 2008; Z. Sun, Lambacher, & 
Fassler, 2014). During adhesion maturation to focal adhesion, FAK and Src are activated 
by phosphorylation. FAK activity can be enhanced by the collagen crosslinking and ECM 
stiffening and further drive invasion of tumor cells (Levental et al., 2009; P P 
Provenzano, Inman, Eliceiri, & Keely, 2009). Importantly, it has been found recently that 
for cells in 3D matrices, focal adhesion proteins such as FAK do not  form aggregates but 
                                                                                                    
1 This section was adapted from my previous publication (Meng Sun & Zaman, 2017) with 




are more diffused throughout the cytoplasm, though they still modulate cell motility by 
affecting protrusion activity and matrix deformation (Fraley et al., 2010). Adhesion-
relevant kinases regulate Rho-family GTPases, such as Rac and RhoA (Chodniewicz & 
Klemke, 2004; Huveneers & Danen, 2009). FAK has been shown to be able to activate 
(Guilluy et al., 2011; Rico et al., 2004; Zhai et al., 2003) or inhibit RhoA activity (Meng 
et al., 2004; Playford, Vadali, Cai, Burridge, & Schaller, 2008). Though with these 
opposing effects, there is an apparent global increase in FAK and RhoA activity in stiffer 
3D ECM environment (P P Provenzano et al., 2009). The increased collagen crosslink 
and ECM stiffening also promote 3D cell migration via up-regulating growth factor 
dependent PI3K activity (Bloom & Zaman, 2014; Levental et al., 2009). Following EGF 
stimulation, protein complexes containing Src, F-actin, mDia1 and Dia-interacting 
protein 1 stimulate Rac1 (Meng et al., 2004).  
 The cytoskeleton activities are coordinated with formation/disassembly of cell-
ECM adhesions. Rho-family GTPases are molecular ‘switches’ within cells bridging 
adhesion activities and cytoskeleton dynamics by controlling the formation and 
disassembly of actin cytoskeletal structures. RhoA-GTP can activate formin (mDia)-
based actin nucleation (Loria, Duke, Rand, & Hobert, 2003; Sakamoto et al., 2012) and 
ROCK dependent myosin II contractility (Narumiya, Tanji, & Ishizaki, 2009). mDia 
stimulates the formation of stable microtubules that are capped and oriented towards the 
wound edge to promote cell migration (Palazzo, Cook, Alberts, & Gundersen, 2001; 
Palazzo, Eng, Schlaepfer, Marcantonio, & Gundersen, 2004). Rac stimulates branching 




(Sanz-Moreno et al., 2008), and it promotes the lamellipodia formation in cell migration 
(Marignani & Carpenter, 2001; Obergfell et al., 2002). Cdc42 activity is also prominent 
at the tip of the leading edge and regulates the migration direction by regulating the cell 
polarization (Butty et al., 2002; Stowers, Yelon, Berg, & Chant, 1995). WASP, which is 
autoinhibited, can be activated by binding with Cdc42 and further activates Arp2/3 (Miki 
& Takenawa, 2003). During cell migration, cell-ECM adhesions form at the leading edge 
of protrusions and disassemble adhesions mainly at cell rear (Sheetz, Felsenfeld, 
Galbraith, & Choquet, 1999; Webb et al., 2004). Cell protrusions at leading edge in 
migration process involves with actin polymerization, while at cell rear there are cell 
contractions (Sheetz et al., 1999). Conventionally, Rac promotes membrane protrusions 
at the leading edge, while RhoA is active in the cell rear and regulates its contractility in 
2D cell migration (Burridge & Wennerberg, 2004; Raftopoulou & Hall, 2004). This is 
most likely due to the antagonism between Rac and RhoA at the leading edge (Nimnual, 
Taylor, & Bar-Sagi, 2003; E. E. Sander, ten Klooster, van Delft, van der Kammen, & 
Collard, 1999). However, it has also been found that in randomly migrating cells, RhoA 
activity is high in a sharp band directly at the edge of protrusions (Pertz, Hodgson, 
Klemke, & Hahn, 2006).  
2.3 Cell-cell interactions 
Cell-cell contact is another important mechanical regulator for cell proliferation, 
differentiation and migration. One of the major cell-cell contact structures are adherens 
junctions (AJ). In the adherens junctions of epithelial cells, E-cadherin adhesion receptors 




binding) in a calcium-dependent dynamic manner (Takeichi, 2014). The cytoplasmic 
domain of E-cadherin interacts with p120 catenin (p120ctn), 𝛽-catenin (𝛽ctn) and 𝛼-
catenin, which links with the actin cytoskeleton (Nelson & Nusse, 2004). P-cadherin, 
whose expression is highly associated with undifferentiated cells in normal adult 
epithelial tissues and breast cancer, has the similar cadherin-catenin complex structure 
and actin cytoskeleton connection in cells (Albergaria et al., 2011). The interaction 
between the cell-cell contacts and the actin cytoskeleton is still elusive. In addition to 
binding actin, 𝛼 -catenin has shown to interact with actin binding proteins, including 
vinculin (VCL), 𝛼 -actinin, ZO-1, formin (Yamada, Pokutta, Drees, Weis, & Nelson, 
2005), and prevent actin filaments binding with Arp2/3 and cofilin (Drees, Pokutta, 
Yamada, Nelson, & Weis, 2005; S. D. Hansen et al., 2013). VASP and MENA may also 
interact with VCL to promote actin polymerization in this system (Takeichi, 2014). The 
linkage of the cadherin-catenin complex to the actin cytoskeleton is very dynamic rather 
than static (Yamada et al., 2005). 𝛼-catenin acts as a tension sensor that is responsive to 
actomyosin contraction at adherens junctions (Yonemura, Wada, Watanabe, Nagafuchi, 
& Shibata, 2010), and cadherin-catenin complex binds robustly to actin filaments under 
force (Buckley et al., 2014). The redistribution of E-cadherin requires E-cadherin 
endocytosis, which is necessary for the renewal of contacts with neighbors during cell 
migration (Nanes et al., 2012). Cell junction dynamic rearrangement occurs during 
morphogenetic processes, wound healing, as well as pathogenetic processes such as 
cancer invasion (Takeichi, 2014). 




cytoskeleton regulators. Actin filaments can be organized parallel (circumferential actin 
belt/cortex actin) or perpendicular to plasma membrane when interacting with the AJs, 
resulting in two types of junctions: linear (zonula adherens/ZA) and punctate. The linear 
and punctate AJs have the ability to convert to the other (Kannan & Tang, 2015; 
Takeichi, 2014). Increased ROCK activity converts circumferential actin filaments into 
radial filaments through contraction perpendicular to cell borders (Takeichi, 2014). The 
process of E-cadherin aggregation, rather than the initiation of the adhesion complex, 
requires Rac activation (Chu et al., 2004). Cells require RhoA for the E-cadherin 
development when embedded in substrate, but not in suspension (Chu et al., 2004). 
Increasing Rac can induce both the cell-cell adhesion and cytoplasmic actin 
polymerization. The cell-cell adhesion and the cytoplasmic actin polymerization overlap 
can also induce the same cellular behavior from either way. For example, differentiation 
is partly regulated by the cytoskeleton dynamics, such as through regulating SRF/MAL 
transcription factor complex that is regulated by the ratio of F-actin and G-actin 
(Connelly et al., 2010; Trappmann et al., 2012). E-cadherin signaling has also been 
shown to regulate SRF/MAL in epithelial cells (Busche, Descot, Julien, Genth, & Posern, 
2008), which suggests that this molecule integrates signals from both cell-ECM and cell-
cell interactions to regulate transcriptional activities and cellular behavior (Watt & 
Fujiwara, 2011). Yet, SRF/MAL are not the only molecule that integrates the cell-ECM 
and cell-cell interaction signals to regulate important cellular behavior. YAP/TAZ not 
only have been shown to be mechanical checkpoint in cells, but also play multiple roles 




2.4 YAP/TAZ as mechanical checkpoint 
One of the fundamental questions of cell biology is how cells organize themselves into 
complex tissues and three-dimensional structures. Multiple signals transmitted from 
neighboring cells and the ECM environment are integrated through the transcriptional 
regulator YAP/TAZ into intracellular pathways to guide cellular behavior, such as 
proliferation, migration and differentiation. Recent years have seen enormous progress in 
uncovering the roles of YAP/TAZ, which controls organ size through integrating physical 
and biochemical cues (Low et al., 2014; Piccolo, Dupont, & Cordenonsi, 2014; Zhao et 
al., 2007). First discovered in Drosophila, deregulation of YAP, or its paralog TAZ, has 
been found to lead to massive organ overgrowth (Goulev et al., 2008). YAP/TAZ has 
been shown to have significant roles in regulating important biological behaviors in 
development, tissue homeostasis and cancer.  
YAP/TAZ translocate between the nucleus and the cytoplasm, with YAP/TAZ in 
the nucleus acting as transcriptional co-activators with several transcription factors, such 
as TEAD (Piccolo et al., 2014). Despite these ubiquitous roles, the mechanism of 
YAP/TAZ localization regulation is still poorly understood (Piccolo et al., 2014). The 
earliest studied upstream cascade of YAP/TAZ translocation regulation is the Hippo 
pathway, which is mainly dependent on cell density sensing and core Hippo kinase Lats 
(Zhao et al., 2007). The active kinase Lats phosphorylates YAP/TAZ, which leads to the 
cytosolic sequestration of YAP/TAZ by binding with 14-3-3 protein or degradation 
(Piccolo et al., 2014; Ren, Zhang, & Jiang, 2010). Recently, attention has been focused 




instance, increasing stiffness of the external environment (Dupont et al., 2011) or 
exerting static stretch (Aragona et al., 2013) has been found to promote YAP/TAZ 
cytoplasm-to-nuclear translocation and its downstream transcription activity. 
Specifically, it was found that these effects are transmitted through RhoA pathways and 
resulting stress fiber formation (Dupont et al., 2011). F-actin has also been shown to 
induce YAP/TAZ in both phosphorylation independent (Dupont et al., 2011) and 
dependent way (M. Kim et al., 2013; Wada, Itoga, Okano, Yonemura, & Sasaki, 2011; 
Zhao et al., 2012). Therefore, YAP/TAZ can be considered as master-integrators of the 
cellular microenvironment, integrating different cues of mechanical and biochemical 
nature. 
Sensing mechanical properties of ECM alone is a complex process, and of 
fundamental importance in regulating cell behaviors (Discher, Janmey, & Wang, 2005; 
Meng Sun et al., 2015). Stiff or high adhesion environments have been shown to promote 
both the migration and proliferation (P P Provenzano et al., 2009). For instance, cells 
have been shown to migrate towards a stiffer ECM environment (durotaxis) (Lo, Wang, 
Dembo, & Wang, 2000) or a surface-bound gradient of ECM adhesion (haptotaxis) (Wu 
et al., 2012). Furthermore, manipulation of ECM stiffness can direct mesenchymal stem 
cells to differentiate into neuron, myoblasts or osteoblasts in a myosin II dependent 
manner (Engler, Sen, Sweeney, & Discher, 2006). Up-regulating YAP activity on soft 
substrates is shown to direct mesenchymal stem cell differentiation towards osteogenesis, 
which otherwise is observed on stiff substrates (Dupont et al., 2011; Tang et al., 2013). 




correlate with stiffness, however with a slightly different mechanism compared to 
YAP/TAZ. Under different stiffness or ligand density of ECM, the entry of MAL into the 
nucleus to interact with SRF transcription factor activity is highly dependent on ECM 
mechanical properties (Trappmann et al., 2012) through regulation of monomeric G-
actin. G-actin binds to MAL to prevents it from binding to SRF and thus its downstream 
transcription (Connelly et al., 2010). Specifically, the sensing of the mechanical 
properties of the ECM relies on force-sensitive molecules located at the cell-ECM 
adhesion complexes, converting the mechanical signals to biochemical signals inside the 
cell (Berrier & Yamada, 2007; Harunaga & Yamada, 2011). These adhesion complexes 
form around integrins, which are membrane-bound heterodimers, and bind to the ECM. 
Important downstream targets include FAK (Hanks & Polte, 1997; Mitra & Schlaepfer, 
2006), which is phosphorylated at tyrosine 397 (Schaller et al., 1994) upon integrin 
binding, and Src further enhances FAK phosphorylation sites at other residues to 
maximize the kinase activity of FAK (Calalb, Polte, & Hanks, 1995; Mitra & Schlaepfer, 
2006). Other than adhesion sensing, phosphorylated FAK at tyrosine 397 is also sensitive 
to the stiffness of the surrounding matrix in both 2D and 3D environments (Levental et 
al., 2009; Paszek et al., 2005; P P Provenzano et al., 2009). Importantly, in 3D, FAK 
diffuses throughout the cytoplasm but still modulates cell motility by affecting protrusion 
activity and matrix deformation (Fraley et al., 2010). 2D substrates have demonstrated 
that cells increase their assembly of F-actin stress fibers and focal adhesions via RhoA 
contractility regulation when substrate rigidity is increased (Discher et al., 2005; 




shown associated with RhoA dependent cytoskeleton regulation (Levental et al., 2009; 
Zaman et al., 2006).  
Mechanical sensing of the microenvironment is a complex and multi-step process 
with profound implications for maintaining homeostasis and disease relevance. Various 
quantitative aspects of signal transmission from the ECM stiffness or adhesion to 
intracellular biochemical remain largely elusive. While there are several mechanical 
models (Walcott & Sun, 2010), and multiple studies of cytoskeleton dynamics, there is a 
lack of an integrated model on mechanosensing and YAP/TAZ to enable one to 
understand interactions of various factors influencing YAP/TAZ activity in a quantitative 
way. Furthermore, such integrated model can be used to predict the effect of molecular 







Figure 2-1: Tumor associated collagen signatures (TACS) reveal different stages of 
tumor (Bloom, 2017). Tumors generated in Wnt knockout mice were transferred to 
2mg/mL collagen gels from rat tail and imaged using multi-photon microscopy. (A) 
TACS-1 has densified collagen fibers with no preferred alignment when a tumor is not 
palpable. (B) TACS-2 has collagen fiber tangentially aligned around tumor when tumor 
is expanding and palpable, but no invasive. (C) TACS-3 has collagen fibers perpendicular 




Chapter 3: Matrix-based microenvironmental feature analysis toolkit 
3.1 Introduction 
While collagen density has been studied extensively in regard to cancer invasiveness 
(Harjanto, Maffei, & Zaman, 2011) and diffusion of therapeutic molecules (Brown et al., 
2003; Erikson, Andersen, & Naess, 2008), quantitative methods for determining collagen 
fiber orientation have largely been ignored. Traction forces from cells are primarily 
responsible for changing collagen fiber orientation (Abhilash, Baker, Trappmann, Chen, 
& Shenoy, 2014; Stopak & Harris, 1982), as seen in wound healing (Katz & Lasek, 1980; 
Lackie, 1986). Collagen orientation in turn guides cell migration and polarization (Guido 
& Tranquillo, 1993). In vitro, mechanical strain(Riching et al., 2014) or microfluidic 
channels (Lanfer et al., 2008) also influence the collagen fiber orientation. Radially 
orientated collagen fibers have been observed surrounding tumor cell clusters in vivo and 
have been classified as tumor associated collagen signature type 3 (Brabrand et al., 2014; 
Conklin et al., 2011; Paolo P Provenzano et al., 2006). This potential quantitative image-
based biomarker of collagen in vivo offers a new prognostic indicator for cancer 
invasiveness, especially in triple negative breast cancer (Eliceiri et al., 2014). However, 
this method only identified a cursory link between the degree of collagen alignment and 
cancer metastasis, and quantitative tools have not yet been thoroughly established. The 
quantification of collagen fiber alignment is not only important in studying cancer 
invasiveness, but also plays a significant role in tissue engineering (Daniels, Romeny, 
Rubbens, & Assen, 2007; Nawroth et al., 2012).  




successfully identify actin fiber alignment in the muscle cells of the engineered jellyfish. 
Building upon this biometric fingerprint algorithm, the fiber alignment quantification 
method developed in this project uses the squared gradient vector to enhance the 
accuracy of the pixel-by-pixel orientation calculation (Hong, Wan, & Jain, 1998). 
Previous approaches of measuring collagen alignment have mainly used image analysis 
tools. Kim et al. (A. Kim, Lakshman, & Petroll, 2006) pioneered using the fast Fourier 
transform (FFT) to calculate the relative orientation intensity in frequency domain, and 
Pang et al. (Pang et al., 2009; Pang, Wang, Lee, & Greisler, 2011) applied the FFT in 
their work as well. Riching et al. (Riching et al., 2014), Eliceiri et al. (Eliceiri et al., 
2014) and Bredfeldt et al. (Bredfeldt et al., 2014) used the Curvelet transform (Candès, 
Demanet, Donoho, & Ying, 2006) to calculate collagen fiber network orientation. Both 
FFT and Curvelet transform give the relative orientation distribution of the whole image 
rather than individual pixel orientation information. Daniels et al. (Daniels et al., 2007), 
Vader et al.(Vader et al., 2009) and Abhilash et al. (Abhilash et al., 2014) calculated the 
principal curvature directions of each pixel within an image from Hessian matrices. 
Hessian matrices give detailed and accurate orientation estimations, however they are 
computationally expensive due to the solving process of the eigenvalue and eigenvector 
of the matrices at each pixel. Karlon et al. (Karlon et al., 1999) and Kaunas et al. (Kaunas 
& Hsu, 2009) used a local first-order intensity gradient to quantify orientation. Though 
this method is relatively fast, due to an increased sensitivity to noise it is less accurate in 
comparison with the Hessian matrices method.  




quantifying the degree of alignment from orientation data. These include using only the 
standard deviation of orientation (Brabrand et al., 2014), or determining the ratio of the 
standard deviation over the orientation distribution width (Ng & Swartz, 2006). Some in 
vitro studies also used the alignment index (AI) (Abhilash et al., 2014; Pang et al., 2011; 
Vader et al., 2009) to describe the fiber alignment. This alignment index averages the 
orientation data and originates from the nematic order parameter in liquid crystal theory 
to determine ordering status of molecules in nematic phase (Frenkel & Eppenga, 1985; 
Fujiwara & Sato, 1998).  
In order to develop an algorithm that is able to quantify matrix-based 
microenvironment features in a computationally efficient manner, we propose new 
methods. Here, we present a strategy of quantifying the degree of collagen fiber 
alignment with a high degree of sensitivity, to allow for generalization of the matrix 
information in high dimensions and use the scheme to study the correlation between the 
alignment and other key features of tumor tissues. 
3.2 Collagen orientation algorithm validation on fiber-like in silico images 
3.2.1 Methods 
Generating Fiber-like In Silico Images To test the accuracy of the collagen orientation 
calculations, computer-generated images mimicking real collagen fiber gel networks, 
with varying degrees of alignment, were created in Matlab (R2009b, MathWorks, Inc., 
US). The ‘fibers’ were initially created as straight-line segments, as each fiber was 
assumed to be straight, even though real collagen fibers can have both curve and linear 




algorithm at each pixel and the fiber intersection detection algorithm. Whether the fiber 
was nonlinear or straight did not affect the validation efficiency significantly, because in 
the actual collagen images the fibers are linear locally. The length of the fiber was 
assumed to have a Gaussian distribution, with the mean and standard deviation values 
obtained from the literature (Harjanto et al., 2011). The width of the artificial fibers was 
achieved by blurring the images with Gaussian filter kernel convolution, whose sigma 
value corresponded to the mean value of fiber width found in the literature (Harjanto et 
al., 2011). Adding Poisson noise mimicked white noise due to the microscope (Daniels et 
al., 2007). Different numbers of fibers were created to have the fiber fraction range from 
roughly 16% to 61%. The orientations of aligned collagen ‘fibers’ were assigned a 
Gaussian distribution with varying standard deviations (𝜃) to mimic different degrees of 
alignment. A random mode (predominant) orientation was assigned. Random collagen 
‘fibers’ were simply assigned to have random orientations. The fiber-wise orientations 
with the same distribution may have slightly different pixel-wise orientation, due to 
differences in fiber length. Thus, images with pixel-wise standard deviation 𝜃 ± 0.5° 
were used for validation in aligned collagen ‘fibers’. For each degree of alignment, 15 
image samples were generated (Figure 3-1).  To determine if different distributions of 
orientations influence either the algorithm or alignment quantification results, ‘fibers’ 
with Gaussian and Von Mises distributions of fiber orientations were generated for 
validation. 
Image Analysis Each individual frame within the image stacks of acellular and spheroid 




MathWorks, Inc., US). The algorithm first calculated the collagen orientation at each 
pixel, building upon the biometric fingerprint algorithm (Peter Kovesi, School of 
Computer Science & Software Engineering, University of Western Australia) (Kovesi, 
2000). The orientation estimation algorithm, originating from Hong et al. (Hong et al., 
1998) and Rao et al. (Rao, 2012), calculated the orientation vector at each pixel (i, j)  by 
the squared x and y components of gradients:  
Equation 3-1                           𝐽+(𝑖, 𝑗) = 𝐺+3(𝑖, 𝑗) −	𝐺63(𝑖, 𝑗), 
𝐽6(𝑖, 𝑗) = 2𝐺+(𝑖, 𝑗)𝐺6(𝑖, 𝑗), 
where 𝐺+  and 𝐺6  are the gradient vectors in the x and y directions calculated via 
convolution with the gradient of Gaussian function with a sigma value of 1 and size 7 x 7 
pixels. The gradient vectors were smoothed by a second Gaussian filter with a sigma 
value of 2 and size 13 x 13 pixels to optimize the performance of the algorithm. The 
orientation was given by (Hong et al., 1998; Kass & Witkin, 1987; Rao, 2012)  





Here a four-quadrant inverse tangent function was used resulting in orientations ranging 
from 0° to 180°. This squared gradient method enhances the orientation detection, as the 
same orientation gradient vector is reinforced by its opposite direction gradient vector. 
Both this method and the Hessian matrix method calculated the orientation from 
enhanced forms of gradients, thus these methods have higher accuracy in orientation 
estimation compared to the pixel gradient method described in the introduction. 
Intrinsically, compared with the Hessian matrix method, the algorithm described in this 




algorithm is relatively easy and quick in terms of only using Gaussian filters and some 
simple math on trigonometric functions to obtain pixel-wise orientation data. After the 
orientation estimation at each pixel, a mask filtered each pixel based on a fiber intensity 
threshold to identify the collagen fraction of the image. The intensity threshold was 
considered optimized when nearly all collagen fibers visualized in the images were 
identified by the algorithm with minimal background noise. The fiber fraction calculated 
in acellular collagen gels, using this threshold, was similar to previous data at the same 
fiber concentration (Harjanto et al., 2011). A histogram of the orientations of pixels was 
plotted to visualize pixel-wise orientation distribution. The error of algorithm was 
calculated on artificial fiber-like images with varying degrees of alignment. With 
orientation calculated at each pixel, the alignment index (AI) (Pang et al., 2011) was 
calculated to provide a quantitative metric of the degree of alignment of collagen fibers:  
Equation 3-3                      𝐴𝐼 = 8
D
(2𝑐𝑜𝑠3(𝜃? − 𝜃Hℎ) − 1)D?J8 , 
where 𝜃Hℎ  is the mean orientation angle among the collagen fibers and N is the total 
number of fiber fraction pixels counted. If collagen fibers are all randomized, AI = 0, 
whereas all in the same direction, AI = 1. 
The number of collagen fiber intersections in each individual frame within the 
image stack, as an effect of the alignment, was quantified by a second algorithm using the 
Matlab morphological functions (Haralock & Shapiro, 1991; Kong, T. Yung, and Azriel 
Rosenfeld, 1996; Lam, Lee, & Suen, 1992; Pratt, 1991) as follows: Intersection 
identification relied on the enhancement of the collagen fiber structure (Russ, 2006; Shih, 




threshold of intensity was applied to distinguish the fibers from background noise, as 
performed in the orientation detection algorithm. A diagonal fill function then connected 
pixels that were diagonally adjacent but had no orthogonally adjacent pixels. The 
algorithm also deleted all isolated pixels and most small spurs on the fibers. An interior 
fill was applied, filling in isolated interior pixels, and were followed by a skeletonization 
process. A second small spur deletion followed by diagonal filling optimized the results.  
Fiber intersections were identified at pixels that have more than two branches, and 
multiple intersections within five pixels were considered a single intersection. 
This intersection quantification algorithm was also validated on generated fiber-
like images to determine the accuracy of the intersection detection. For this purpose, in 
the fiber-like artificial images, the theoretical number of intersections was determined 
using linear geometry properties: if the endpoints of one linear ‘fiber’ are separated by a 
second linear ‘fiber’ then these two ‘fibers’ intersect and the algorithm calculates the exact 
location of this intersection. When multiple intersections occur within five pixels only 
one intersection is counted. The percent error between the theoretical and the estimated 
number of intersections was calculated to indicate the accuracy of the algorithm.  
Statistical Analysis To demonstrate that the fiber pixel orientation estimation accurately 
describes the fiber orientation within the large orientation data set (N ~ 65,000) 
Kolmogorov–Smirnov (KS) statistics (Wasserman, 2004) were used. This provided a 
natural measurement to indicate impurities of algorithm, based on the images generated 
to mimic the collagen fibers images, i.e., the impurity between the theoretical and the 




KS statistics because a large data virtually guarantees a statistically significant difference. 
KS statistics identify the maximum difference between the theoretical and the estimated 
cumulative distribution functions (CDF). This maximum difference was used to estimate 
the error in the orientation detection algorithm (Wasserman, 2004).  
3.2.2 Results 
The orientation algorithm was tested initially on computer-generated images designed to 
mimic acellular collagen gels. Varying the degree of alignment verified that the 
quantitative method developed in this chapter was able to distinguish small differences in 
the degree of alignment. The images of acellular collagen gels and spheroid embedded 
collagen gels were investigated to study their alignment features. With these tools 
accurately quantifying the fiber degree of alignment, a negative correlation was found 
between the number of fiber intersections and the degree of alignment. 
The artificial images were used to study the accuracy in quantifying the degree of 
alignment and to determine the sensitivity of our method in distinguishing subtle 
differences in the degree of alignments within a large range of fiber fraction. Both the 
random (Figure 3-2a) and aligned computer-generated fibers (Figure 3-2b) have very 
similar orientation CDF when comparing the calculated and theoretical values (Figure 3-
2c and d). The difference of CDF averaged roughly about 5% among varying degrees of 
alignment in AI ranging 0 to 0.94 (Table 3-1), thus the orientation algorithm is accurate 
throughout the range of the degrees of alignment tested. Furthermore, the algorithm is 
able to detect a change in the standard deviation of orientation of 5°  (Figure 3-2e). When 




fiber fractions of 16% (2mg/ml), 27% (3mg/ml) and 35% (4mg/ml) with the same degree 
of alignment. When AI > 0.16 there are significant differences in the estimated AI, but at 
most differ by only ~ 0.02. Von Mises distribution also gave a similar error of algorithm 
(data not shown). 
As a comparison, another collagen fiber network orientation quantification 
algorithm CurveAlign (Bredfeldt et al., 2014; Candès et al., 2006; Eliceiri et al., 2014; 
Liu, Bredfeldt, & Pehlke, 2015) based on Curvelet transform theory was also tested on 
the same set of generated fiber-like images. Within Matlab, our method takes 
approximately 0.588 seconds (CPU time = 0.730) while the NewCurve function, which 
calculates the orientation data in the CurveAlign algorithm takes approximately 1.409 
seconds (CPU time = 1.680) to process each image. The CDF functions of the 
CurveAlign estimated results were also presented in the condition of different alignments 
(Figure 3-2c and d). The accuracy of our algorithm is as good as the CurveAlign 
algorithm.  
3.3 Random and aligned in vitro collagen comparison 
3.3.1 Methods 
Collagen Gel Preparation To acquire images of collagen fibers Type I collagen gels were 
made as per previous literature (Harjanto et al., 2011). Type I collagen from rat tail (BD 
Biosciences, San Jose, CA) was added to an equal volume of 1x neutralizing solution 
(100 mM HEPES buffer in 2x phosphate buffered saline, pH 7.3). Final concentration of 
the collagen gels ranged from 2 mg/ml to 4 mg/ml. 1ml gels were allowed to polymerize 




minutes after which 2 ml of 10% v/v FBS-supplemented media was added. 
Spheroid Preparation MDA-MB-231 cells grown on tissue culture flasks were 
trypsonized and counted using a hemacytometer. 100ul of media containing 10,000 cells 
were plated on solidified 1.5% (w/v) agarose. The agarose provides a non-adherent 
surface allowing the cells to aggregate over 72 hours at 37°C and 5% CO2. To generate 
aligned collagen fibers two spheroids were embedded within close proximity to each 
other(L. M. Sander, 2014). Two of the resulting spheroids generated on agarose were 
embedded, via pipetting, into a collagen gel prior to the gels polymerizing. 
Confocal Reflectance Microscopy To visualize the fiber microstructure of the collagen 
gels, confocal reflectance microscopy was performed using a scanning confocal 
microscope (Olympus FV1000) with a 60x 1.2 N.A. water immersion lens. The collagen 
gels were excited with 488 nm laser, and light between 485 nm and 495 nm was 
collected. To avoid edge effects, images were acquired at least 100 𝜇𝑚 into the gel. For 
acellular collagen gels (gels containing no cells), four 30 𝜇𝑚 stacks with 0.5 𝜇𝑚-thick 
slices were obtained from randomly selected regions in the gel. For images of aligned 
collagen fibers, gels containing two embedded spheroids were used and a region of 
highly aligned collagen, between the two spheroids, was selected for imaging with stack 
dimensions identical to those of acellular collagen gels. Collagen type I fibrils can range 
in diameter from 20 nm to several hundred nm (Christiansen, Huang, & Silver, 2000) 
while fibers are larger in diameter. Given that the size of each pixel is 0.414	𝜇𝑚 it is not 
possible to distinguish fibrils and fibers (Lai et al., 2012). When discussing intersections 




Statistical Analysis For testing any significant differences between conditions, Welch’s 
two sample t-test in R(R Core Team, 2013) (Vienna, Austria) was used. The correlation 
between the degree of alignment and number of collagen fiber intersections was studied 
also using R (R Core Team, 2013). Using the maximum likelihood multi-linear 
regression (MLMLR) the effects of changing fiber fraction and of the degree of 
alignment on the intersections were separately studied. Both the ANOVA test and the 
95% confidence intervals of the regression coefficients show the significance of the 
dependence and correlation. The residuals of the MLMLR model also have a normal 
distribution, without changing the distribution patterns along the change of the degree of 
alignment (AI) or fiber fraction, showing that the model selection is efficient (Pawitan, 
2001; Wasserman, 2004).  
3.3.2 Results 
After validating the alignment quantification algorithm with the computer-generated 
images, the collagen fiber alignments of acellular and spheroid embedded collagen gels 
were characterized. Upon visual inspection, the fibers in acellular 2 mg/ml collagen gels 
were randomly aligned (Figure 3-3a) while those of the spheroid embedded 2 mg/ml 
collagen gels were aligned (Figure 3-3b). The histogram of the spheroid embedded gel 
(Figure 3-3d) had a well-defined symmetrical peak while that of the acellular gel (Figure 
3-3c) did not, supporting the visual observation. Similar alignment patterns to the 2 
mg/ml gels were seen in 3 mg/ml gels though expected increases in number of fibers 
were detected (Figure 3-4).  




orientation estimations obtained using the orientation detection algorithm. There are 
several features of alignment indicated by this quantitative result. First of all, with 
relatively smaller AI values, the acellular collagen gels are easily distinguishable from 
the spheroid embedded gels with larger AI values. Second, the difference in degree of 
alignment among the different concentrations of acellular collagen networks is also 
statistically significant as tested by t-test (P < 0.05). Third, the degree of collagen fiber 
alignment in spheroid embedded collagen gels (AI ~ 0.4) was less than the degree of 
alignment obtained by external strains (up to AI ~ 0.7) previously reported (Riching et 
al., 2014). This difference is likely due to the contractile forces by cell clusters not being 
as large as the maximum external strain applied to the collagen gels. 
To easily estimate the AI, an alternative method utilizing only the standard 
deviation of the pixel orientations was discovered. We tested the influence of both 
Gaussian and Von Mises distributions, fiber fraction, and fiber directionality on the 
relationship between AI and standard deviation and found no differences (data not 
shown). The AI only measures the degree of alignment, independent of directionality, 
distribution pattern, and data size of orientation. The AI is a reflection of the standard 
deviation thus it is possible to use the standard deviation to estimate the AI directly. This 
one-to-one relationship between the AI and the standard deviation of pixel orientation 
was obtained quantitatively using the data previously acquired from the simulated 
images. Using this one-to-one relationship, the AI of collagen fiber networks was 
estimated directly from the standard deviation. The error of this estimation method (~ 




alignment quantitatively and accurately. 
To explore additional applications for our method of quantifying fiber alignment, 
we further studied how the degree of fiber alignment affects the number of collagen fiber 
intersections. The intersection quantification method was validated with average errors 
around 5% at both 2mg/ml and 3mg/ml, using the same set of artificial images in 
validation of alignment algorithm. Manual counts of fiber intersections of the in vitro 
collagen gels were also used to reflect the error of the algorithm, which was determined 
to be within 15% on average, calculated by the percentage error between manual count 
and algorithm estimated results. The manual counts were performed by visually counting 
fiber intersections on 20 50×50 pixels in vitro collagen images, within which were 5 
randomly segmented images per condition: acellular collagen gel at 2mg/ml and at 3 
mg/ml, spheroid embedded gel at 2mg/ml and 3mg/ml. A negative correlation between 
the AI and fiber intersection number was discovered by analysis of the artificial images 
and supported with the intersection quantification results of the in vitro collagen gels 
(Figure 3-5).  
The two components influencing collagen fiber intersections are the degree of 
alignment of the fibers and the fiber fraction. The fiber fractions of spheroid embedded 
gels, 12.8%±1.8% at 2 mg/ml and 20.7%±6.6% at 3 mg/ml, were relatively lower than 
the ones of acellular collagen gels, 15.9%±1.1% at 2 mg/ml and 26.7%±6.0% at 3 
mg/ml. To investigate the correlation between alignment and the number of intersections, 
it is critical to account for change in intersections due to changes in fiber fraction using 




Equation 3-4                𝑁?OHPQRPSH?TO = 𝛽U + 𝛽8𝐴𝐼 + 𝛽3𝑓𝑖𝑏𝑒𝑟% + 𝜀, 
here 𝑁?OHPQRPSH?TO is the number of collagen fiber intersections, 𝐴𝐼 is the alignment index 
quantifying the degree of collagen fiber alignment, 𝑓𝑖𝑏𝑒𝑟% is the collagen fiber fraction, 
𝛽? is the regression or the correlation coefficient, i = 0, 1 or 2, and ε  is the residuals or 
the error difference from the regression model. The 95% confidence intervals of each 
regression coefficients are: 𝛽U  ~ (−92.4, −80.7), 𝛽8~ (−45.0, −11.3) and 𝛽3  ~ (18.4, 
18.9). All of these correlations were determined to be significant through ANOVA test (P 
< 0.05). The residuals of the regression model (𝜀 ) had a mean of zero and were 
uncorrelated with both AI and fiber fraction as tested individually in residual plots, 
confirming that the regression model is efficient. As the range of the 95% confidence 
interval of the AI’s regression coefficient was small and the entirety of the interval was 
less than zero, the MLMLR test showed a significant negative correlation between AI and 
intersection number.   
3.4 Matrix-based microenvironment feature analysis 
3.4.1 Methods 
siRNA Reverse Transfection Pools of siRNA targeting integrin β1, PLK1, and a non-
targeting siRNA pool were acquired from Dharmacon. 25nM of these pools were 
reversed transfected using Lipofectamine RNAi Max (Invitrogen) according to the 
manufacturer’s instructions. The reverse transfections occurred simultaneously with 
spheroid formation. Integrin β1 and PLK1 knockdown efficiency was confirmed by 




MMP Activity Inhibition To inhibit MMP activity, GM6001 (Abcam) dissolved in ethanol 
(20uM final) was added to the media. As a control, equal volumes of ethanol without 
GM6001 was added to the non-MMP inhibitor treated controls. The MMP inhibitor was 
refreshed with the media every 3 days. 
Imaging Analysis To determine the relative orientation of collagen I fibers near 
embedded spheroids, additional functions were added to the orientation algorithm (Sun, 
Bloom, & Zaman, 2015) to obtain the orientations of spheroid border and further segment 
fiber regions for approximation in MATLAB (R2017b, MathWorks, Inc., US). Image 
stacks were projected into one image to calculate cell border contours and an intensity 
threshold was visually selected for each image stack to identify the border of the cell 
cluster. This calculated cell area was diluted and eroded to obtain a smoother cell cluster 
border. For smooth cell borders, a second-order polynomial curve fit was applied. In the 
cases of cell clusters with protrusions or irregularities, higher-order polynomial curve 
fitting was applied to more accurately identify the cell border.  
This fitted curve estimating was evenly divided into five equal length segments. 
Two line segments were perpendicularly (radially) extended from the endpoints of each 
line segment. A line segment between the two radially extended segments completes the 
boundary of the region of interest (radial area segments) (Figure 3-6). In rare instances, 
the regions of interest overlapped. When this occurred the region of interest was only 
counted once. In this study, each region of interest was divided into two regions: the first 
region extending 75 µm from the cell boarder, and the second extending 150 µm from 




The collagen pixel fraction and pixel alignment were calculated based on the 
algorithm developed previously. The pixel-wise collagen fiber orientation and the pixel-
wise cell border orientation were first calculated. Then the average cell border orientation 
within each radial segment was obtained. The fiber pixel-wise relative orientation to the 
cell border thus was calculated by the difference between the pixel-wise fiber orientation 
and the average cell border orientation within each radial area segment. The AI 
calculation was based on these collagen orientations to the cell border globally in the 
regions of interests.  
Correlation Analysis To study the morphological feature changes along with the 
embedding time as potential prognostic indicators for tumor progression, a series of 
statistical analysis were conducted in MATLAB (R2017b, MathWorks, Inc., US). Firstly, 
the least squared linear regression was conducted between each individual collagen 
feature and the days of spheroid embedding from day 0 to day 5. There were in total 25 
collagen features we investigated: the collagen concentration when embedding spheroid, 
the average and the standard deviations of the fiber fraction, the pixel-wise fiber 
orientation relative to cell border, the standard deviation and the AI of pixel-wise fiber 
orientation relative to cell border among z-stacks, and their quantities in the first, in the 
second and in both layers. A least squared multivariable linear regression was conducted 
using all features against the embedding days. A L1-constrained LASSO (least absolute 
shrinkage and selection operator (Tibshirani, 1996)) was used in comparison with the 
multivariable linear regression to determine the sparse complimentary features in 




was used to find the two feature components with most variants and a least squared 
multivariable linear regression was conducted to capture the correlation of embedding 
days on these first two principle feature components days. 
tSNE analysis To address the nonlinear dependency of feature structures and their 
intuitive relationship to the embedding days, t-distributed stochastic neighbor embedding 
(tSNE) analysis (Amir et al., 2013) was conducted on all 25 matrix-based 
microenvironment features days. This tSNE analysis is a dimension reduction and 
visualization approach, which best preserves the pairwise high-dimension data distance in 
the 2D visualization tSNE dimensions. It uses the gradient descent method to find the 
minimum Kullback–Leibler divergence between these two distance distributions in 
original high feature dimension and in 2D tSNE dimension (Amir et al., 2013). The tSNE 
analysis was applied only once to all samples including the siRNA and MMP inhibitor 
treatment for the purpose of comparison. The tSNE analysis was also applied to control 
samples only to demonstrate that it had similar data topology with the tSNE analysis 
applied to all samples (data not shown). 
3.4.2 Results 
We aimed to find a quantitative and reliable indicator based on the microenvironment 
features to infer the spheroid embedding day from day 0 to day 5, which represented the 
process of how malignant tumor cluster engaged with surrounding collagen matrix. 
Linear regressions of days embedded in collagen and collagen feature resulted in the 
strongest correlation being between time and fiber fraction in the region of interest 




three strong correlated features with the embedding day were: the average fiber fraction 
in both the first and the second layer (correlation coefficient R=0.350), the average fiber 
orientation relative to cell border in the first layer (correlation coefficient R=0.297) and 
the average fiber orientation relative to cell border in the second layer (correlation 
coefficient R=0.280). Here, a single collagen feature may not be strong enough to serve 
visually as a reliable indicator for tumor embedding day, which was an approximated 
representative of tumor progression since tumor becomes more and more invasive as 
spheroid embedding day (Ziperstein, Guzman, & Kaufman, 2015).  
Next, we tried to plot two features simultaneously to examine whether the 
integrated is a reliable prognostic indicator. Since the orientation and the AI are the key 
features described in the different stages of TACS, they were plotted together to test the 
correlation with tumor progression (Figure 3-7b). According to the setup of the spheroid 
embedding, we expected to see TACS1 transitioning to TACS3 with or without TACS2 
in these tumor samples. TACS1 corresponds to low AI and random average orientation, 
TACS2 to high AI and near 0° average orientation, and TACS3 to high AI and near 90° 
average orientation. During day 0 and day 1 there were samples with features indicating 
both TACS1 and TACS2, which may be due to either early expansion in tumor or 
collagen having polymerized in align with cell borders. As time passed, there were more 
and more TACS3 samples captured in the plots indicating invasive phenotypes. Notably, 
at later days there was still a number of image stacks maintaining in TACS1. TACS3 
usually happens at one site of a tumor. Thus the eight image stacks taken at different 




TACS3 and TACS1/2. To extract a reliable quantitative prognostic indicator that requires 
minimum biopsy sites, we further explore more information from our high dimensional 
feature quantities. 
We were curious about what the data topology of all these features was in their 
original high dimensional variable space, and we hypothesized that this topology can 
naturally correlate and reveal the tumor progression status. Visualization of high 
dimensional data in 2D plot is an important task in computational science and 
genome/proteome profile analysis. The well-known algorithm for this need in expression 
profile analysis is tSNE (Amir et al., 2013) due to its high precision of 2D reconstruction 
from high dimensional data through nonlinear transformations and low computational 
cost. Surprisingly, the tSNE did great in capturing the tumor progression trend in 
comparison to other dimension reduction algorithm such as the PCA visualization, which 
plotted data based on first two principle components (Figure 3-8).  
To further validate whether tSNE can capture the difference trend in tumor 
progression as a quantitative indicator, the integrin β1 siRNA (IB1) and the broad 
spectrum MMP inhibitor (mmpi) were added separately in a different set of tumor 
spheroid samples. Here we used the same image set to validate whether automated 
generated tSNE plots can reveal the same findings, and thus potentially become a 
prognostic quantitative indicator for tumor progression. In integrin β1 siRNA treatment, 
the tSNE plot showed a great amount of samples on later tumor embedding days 
overlapping with samples on early days that localized in the bottom left region (Figure 3-




left region that corresponds to early tumor progression stage in control, and much less in 
the top right region that corresponds to later tumor progression stage. In mmpi treatment, 
there were less samples in the bottom left region of tSNE plot during day 0 and day 1 
(Figure 3-9c), which indicated that mmpi promoted the tumor progression on early tumor 
embedding days. These findings extracted from tSNE plots were all in consistent with the 
previous qualitative conclusions. 
3.5 Discussion 
The goal of this study was to provide both an accurate and computationally efficient 
method for quantifying the collagen fiber alignment at a pixel-wise level and matrix-
based microenvironmental features. Using both computational and experimental data, we 
were able to validate our method. This validation work extended previous fiber models 
(Daniels et al., 2007; Vader et al., 2009) by incorporating ‘fibers’ with varying degree of 
alignment. As a result, our algorithm provided information on different alignment 
patterns as well as a platform for collagen fiber feature detection in scenarios where there 
is a very large data sample and canonical statistical tests are mostly not available. We 
also extended the study to investigate the alignment features of collagen fibers aligned by 
the cells in vitro. The method of separately studying two entangled factors using the most 
likelihood multi-linear regression and the ANOVA provided the relationship between 
fiber alignment and intersection number. This project also developed an easy and 
accurate estimate for AI values based on the standard deviation of pixel-wise orientation. 
More importantly, the nonlinear tSNE analysis revealed the untangled high dimensional 




et al., 2006) quantified the standard deviation of fiber alignments in the intratumoral, 
juxtatumoral and extratumoral regions of breast cancer patients and our accurate estimate 
for AI values and tSNE analysis among multiple matrix features would be useful in such 
studies. Our rapid algorithm in quantifying the pixel-wise matrix features could 
potentially be applied to in vivo cancer studies to quickly obtain the TACS and 
approximate tumor progression from a tissue biopsy. 
 Here, we also note several important features and limitations of our results that 
need further clarification. Firstly, the multi-linear regression model investigated actual 
collagen fibers with AI ~ [0, 0.45], within which a simple linear negative correlation 
should be sufficient to capture the intersection decrease due to AI. Whether this 
quantitative relationship can be further applied to larger range of AI requires additional 
sampling of actual collagen gels with higher degrees of alignment. Secondly, the 
intersection decrease with increasing AI values is less pronounced in the range of AI ~ [0, 
0.6] among the generated images. This decrease in sensitivity of intersection detection, as 
well as the increased number of intersections compared to the actual collagen gels, may 
be due to the use of linear “fibers” for the generated images. Lastly, confocal reflectance 
microscopy has been noted to not visualize fibers that are nearly perpendicular to the 
focal plane due to Mie scattering (Stein, Vader, Jawerth, Weitz, & Sander, 2008; Y. 
Yang, Leone, & Kaufman, 2009). This limitation leads to an inability to detect all of the 
fiber intersections within a 3D volume. Using either fluorescence confocal or multi-
photon microscopy would eliminate this limitation.  




the correlation between collagen gel density and the AI identified within the acellular 
collagen gels. A mechanism that could lead to this observation has not previously been 
established. We hypothesize that it may be due to the rates of nucleation and elongation 
of the collagen fibers (Gale, Pollanen, Markiewicz, & Goh, 1995). Another correlation is 
between the intersections of collagen fibers and their degree of alignment. In simulations 
of fiber networks fiber crosslinks were usually identical to fibers intersections (Abhilash 
et al., 2014; Shahsavari & Picu, 2012; Stein, Vader, Weitz, & Sander, 2011; 
Stylianopoulos, Bashur, Goldstein, Guelcher, & Barocas, 2008) or as a fraction of the 
number of intersections (Enderling et al., 2008). Crosslinking of collagen fibers have 
many biological applications, affecting collagen gel elastic modulus (Bigi, Cojazzi, 
Panzavolta, Rubini, & Roveri, 2001) and potentially inhibiting cell migration, as previous 
simulations revealed a possible mechanism for increased fiber crosslinks inhibition of 
cell migration (Enderling et al., 2008). Additionally, within highly aligned collagen fiber 
networks, cells migrate more rapidly due to fewer obstacles (Riching et al., 2014; Wang 
et al., 2007). We believe that our approach may create avenues for further studies to 
elucidate the relationships between collagen fiber intersections, degree of total fiber 
crosslinking and cell migration and analyze the effects of drugs used to increase 
crosslinks within collagen gels (Liang, Chang, Hsu, Lee, & Sung, 2004; Sisson, Zhang, 
Farach-Carson, Chase, & Rabolt, 2009; Sundararaghavan, Monteiro, Firestein, & 
Shreiber, 2009), to provide a more complete picture of how the ECM structure 































5  0.98  17.93±6.04 16.85±7.11 19.61±5.13 
10  0.94  7.83±3.52 7.05±2.61 7.99±2.32 
15  0.88  6.81±2.63 6.20±2.57 5.70±2.15 
20  0.83  5.77±2.25 6.69±1.15 6.96±1.58 
25  0.73  6.25±1.38 7.78±1.95 9.68±2.41 
30  0.63  5.56±1.67 6.46±1.32 8.92±2.46 
35  0.53  4.59±1.06 5.61±1.29 8.30±2.35 
40  0.42  4.12±1.30 5.62±1.76 6.65±1.89 
45  0.32  3.36±0.89 4.50±0.94 5.37±1.13 
50  0.25  3.21±0.78 3.70±1.21 4.36±0.93 
55  0.19  2.90±0.97 2.93±0.37 3.64±0.85 
60  0.13  2.38±0.49 2.68±0.70 2.55±0.59 
65  0.09  2.44±0.39 2.58±0.54 2.39±0.99 
70  0.06  2.73±0.66 2.19±0.47 1.89±0.53 
Random 0.05 2.50±0.50 2.30±0.53 1.49±0.52 
 
Table 3-1: AI values change according to the standard deviation of fiber orientation 
in computer-generated collagen networks (Meng Sun et al., 2015). The accuracy of 
orientation detection was calculated by determining the average value of the maximum 
CDF of 15 computer-generated images for each standard deviation condition. The error 
of the algorithm was determined by taking the average maximum absolute difference 






Figure 3-1: Computer-generated fiber images validate the orientation detection 
algorithm (Meng Sun et al., 2015). The computer-generated random fiber network (A) 
mimicked the actual acellular collagen gel fiber network at 2 mg/ml (B). Scale bar = 20 
µm. Histograms of the theoretical (C) and the algorithm determined (D) orientation 






Figure 3-2: Analysis of computer-generated images with differing alignments 
validates the accuracy of the algorithm (Meng Sun et al., 2015). Computer-generated 
randomly distributed (A) collagen and computer-generated Gaussian distributed collagen 
fibers (B) mimicked acellular network and highly aligned collagen fiber networks at 
2mg/ml respectively. Scale bars = 20 µm. (C) and (D): KS plots of (A) and (B) shows 
that the algorithm determined fiber orientations are similar to the theoretical fiber 




standard deviation of the computer-generated fiber orientation with high sensitivity. 







Figure 3-3: Spheroid embedded collagen gels at 2 mg/ml favors certain orientations 
(Meng Sun et al., 2015). Images of acellular (A) and spheroid embedded (B) 2 mg/ml 
collagen gels were analyzed using the orientation algorithm. Scale bar = 20 µm. The 
orientation histogram (C) for the acellular gel appeared to have a random distribution (AI 
= 0.031) and the spheroid embedded histogram (D) appeared to have an apparent mode 






Figure 3-4: Alignment analysis of collagen gels at 3 mg/ml and comparison with 2 
mg/ml (Meng Sun et al., 2015). Images of acellular (A) and spheroid embedded (b) 
3mg/ml collagen gels were analyzed using the orientation detection algorithm. Scale bars 
are 20 µm. AI values were determined from the histograms of acellular collagen gels (C), 
AI = 0.086 and spheroid embedded collagen gels (D), AI = 0.357. (E) Among all the 
experimental collagen gel images, the AIs of acellular collagen gels are 0.096±0.027 at 2 
mg/ml, 0.115±0.031 at 3 mg/ml, and 0.127±0.025 at 4 mg/ml. The AIs of 2 mg/ml and 3 
mg/ml spheroid embedded collagen gels are 0.386±0.027 and 0.346±0.079 respectively. 





Figure 3-5: Fiber intersections decrease with increases in degree of alignment (Meng 
Sun et al., 2015). Computer-generated fiber networks validated the intersection detection 
algorithm (A) and identified a general relationship between degree of alignment and 
intersection number. Using ANOVA, the correlation between the AI and the intersection 
number was significant with P < 0.05. (B) The number of fiber intersections in acellular 
gels was shown to be significantly larger than the one in the spheroid embedded collagen 






Figure 3-6: Defining the spheroid boarder and regions of interest. To measure the 
orientation of the collagen fibers relative to the spheroid surface, a second order 
polynomial curve, in green, (A) was fit to the boarder, in red, of the spheroid surface (B). 
This boarder was divided into 5 equal portions and two regions were formed in each of 
those sections. The first layer (C) 75 µm from the boarder and the second layer (D) 
extending 150 µm beyond the first layer were quantified separately to extract collagen 





Figure 3-7: Single and double collagen feature changes as spheroid embedding days. 
(A) The feature in the strongest correlation with embedding days was fiber fraction in the 
first layer with R=0.420. However, visually this feature did not look like a reliable 
representative for tumor embedding day. (B) The AI and orientation in both layers 
together were plotted in pairwise consecutive day comparison. In general, there were 
more image stacks having high AI and near 90° orientations, which represents TACS3 
tumor invasive stage. The largest difference in these collagen features happened during 






Figure 3-8: High dimensional matrix feature visualization. (A) A demo of tSNE 
analysis revealed high dimensional data topology and continuous phenotypes in 2D2. (B) 
The tSNE visualization combining 25 matrix features with different tumor embedding 
days. The tSNE plot revealed the trend of tumor progression from the bottom left region 
developing into invasive phenotype in the top right region. The x and y axes were 
nonlinear combinations of these 25 matrix features. The progression trend based on 
microenvironmental matrix features was clear and may serve as a quantitative prognostic 
indicator. To further validate its efficiency as a tumor progression indicator, we compared 
                                                                                                    





it with PCA visualization (C) and LASSO-picked top features for visualization (D). Both 
PCA and LASSO visualization did not have a as good separating early from later tumor 
























Figure 3-9: Using tSNE plot to study the molecular mechanism of TACS in tumor 
progression. (A) Both the non-target and integrin β1 treated cells formed spheroids and 
had no significant effects on tumor size after 72 hours, while the PLK-1 siRNA 
transfected cells did not. Scale bar: 200 µm. (B) The tSNE plot of IB1 samples revealed 
that much later tumor samples overlapped with the early tumor samples in the bottom left 




phenotypes. (C) The tSNE plot of mmpi samples revealed that there were much less early 
tumor samples in the bottom left region on day 0 and day 1, and had more samples in the 




Chapter 4: Fiber-based 3D collagen network model 
4.1 Introduction 
Collagen fiber networks are dynamically remodeled by both cancer cells and fibroblasts 
surrounding tumor tissue. To address the temporal changes of fiber remodeling, we 
developed a mechanical model of collagen matrix to study its remodeling during tumor 
progression. The extracellular matrix (ECM) surrounding and supporting cells plays a 
significant role in cell proliferation, differentiation, migration, cancer progression and 
tissue engineering. The ECM compositions are tissue dependent, and they are primarily 
connective tissue, such as fibronectin, collagen, laminin (Berrier & Yamada, 2007). 
Within them, over 30% of all proteins in the human body consist of collagen, and roughly 
90% of collagen is type I collagen. The primary structural component of collagen is a 
triple-helical protein that self assembles into load-bearing fibers (Figure 4-1) (Chang & 
Buehler, 2014). Collagen-I gels are biopolymers that have significant load-bearing 
contraction and alignment as they are axially stretched, with strain stiffening by 2–3 
orders of magnitude at large strains (Stein et al., 2011). The length of collagen fibril is 
about 14	𝜇𝑚 ± 7	𝜇𝑚 (Sivakumar & Agarwal, 2010). The minimum persistent length of 
collagen fibrils is ~5	𝜇𝑚 (Sivakumar & Agarwal, 2010); fibers/fibrils shorter than the 
persistent length behave like a stiff rod, whereas fibers longer than that have inherent 
flexibility (Lee et al., 2014; Sivakumar & Agarwal, 2010). 
 Based on these mechanical properties of collagen single fibril or fiber, one can 
predict the collagen network mechanical property around tumor due to tumor expansion, 




property under stretching or shearing (Lee et al., 2014; Stein et al., 2011), but few studies 
on the one under compression such as during tumor expansion. Also people have studied 
cellular behaviors in respond to collagen remodeling (Paolo P Provenzano et al., 2008; 
Riching et al., 2014), and it is not clear about how collagen fibers within a network 
respond to cell perturbations passively and the emergence of collagen remodeling. Thus 
we built such a mechanical collagen fiber network model to reveal the mechanism of 
collagen remodeling and bridge the collagen remodeling and the cellular behaviors.  
4.2 Collagen mechanical property changes during tumor expansion 
4.2.1 Methods 
Collagen Fiber Network Initiation Design All our simulations were implemented in 
Matlab. Each fiber was discretized by small segments with length 𝑙U , which was 
approximated to behave like a stiff rod. The fiber nodes at both ends of such a segment 
can form crosslinks with other fibers. In a simulation, we tracked the movement of these 
nodes for computational efficiency. The fibers in the network were generated to have an 
preassigned average fiber length and standard deviation based on previous measurements 
(Sivakumar & Agarwal, 2010). The fiber lengths were all round to a multiplier of 
segment length 𝑙U so that the fiber nodes can be appropriately assigned. The diameter of 
collagen fibers was 100 nm (Sivakumar & Agarwal, 2010) and fibers were randomly 
aligned. The number of fibers in the volume of interests was derived using the fiber mass 
density (Morin, Hellmich, & Henits, 2013). Due to the tradeoff between computational 
time and the collagen network volume, we picked a 50	𝜇𝑚×50	𝜇𝑚×	50 𝜇𝑚 region with 




visualization. Each dimension was in a similar scale of a few MDA-MB-231 cells 
(Truongvo et al., 2017). The maximum distance of fiber nodes on different fibers to form 
covalent-bond crosslinks (Dcrx) was estimated to have an average distance of 2 𝜇𝑚 
between two near-by crosslinks along a single fiber. A fiber node can form unlimited 
crosslinks with other fibers within Dcrx. Within the volume of interests, there were 
approximately 104 crosslinks in total in the collagen network initiation.  
Force Propagation and Temporal Development Design The deterministic force on each 
collagen fiber came from three sources: elastic stretching, elastic bending, rigid 
crosslinking (Figure 4-2). Both the elastic stretching force 𝐅abcdbefghi	and the elastic 
bending force 𝐅jdhkghi depend linearly on the Young’s modulus 𝐸 = 0.01~0.1 MPa of a 
single fiber (Sivakumar & Agarwal, 2010) and the stretching or bending displacements. 
In details, the stretching force on each collagen fiber node was  
Equation 4-1 𝑭RHQPHSℎ?Om = −𝑘RHQPHSℎ?Om∆𝒍/2.  
Here the coefficient 1/2 was due to that both two fiber nodes flanking a fiber segment 
were not fixed. The kabcdbefghi was the stretching stiffness coefficient of a collagen fiber 
segment: 
Equation 4-2 𝑘RHQPHSs?Om 	= 𝐸𝐴/𝑙U (Lee et al., 2014),		
E	was the Young’s modulus and A was the circular cross section of a single fiber. The 
bending force was calculated as shown in Figure 4-3. Whenever there was a non-flat 
angle between two consecutive fiber segments, there would be a resistance of bending to 
decrease this angle difference. Here the central fiber node of this bending unit (two 




around which both fiber segments rotated (Figure 4-3a and b). These two opposing 
rotational momentums on each fiber segment were approximated by perpendicular forces 
exerting on 1st and 3rd fiber nodes:  
Equation 4-3 |𝑭′wPOx?Om| = 𝑘wPOx?Om𝜃/𝑙U,  
since the simulation time step dt in our 3D collagen network model was very short. θ was 
the angle displacement from a flat angle. And the kjdhkghi  was the bending stiffness 
coefficient of a collagen fiber segment: 
Equation 4-4 𝑘wPOx?Om = 𝑐wPOx?Om𝐸𝐼/𝑙U, 
𝐸	was the Young’s modulus and 𝐼  was the second moment of area. The bending 
coefficient ratio 𝑐wPOx?Om had varied in a range of 10 in previous studies (L. Yang et al., 
2008) and we picked 10 to better fit with experimental data. The second moment of area 
was calculated as 8
|
πR|, and R was the radius of a single collagen fiber (L. Yang et al., 
2008). 
This setup also conserved the rotational momentum in this bending unit. To 
further conserve the translational motion, the center of mass shall not move as well. The 
center of mass had to move back 𝑭′wPOx?Om
TO	8 + 𝑭′wPOx?Om
TO	 𝑑𝑡/3 due to the previous force 
resulted displacement. That is, all fiber nodes in this bending unit had to move back 
Equation 4-5 −(𝑭′wPOx?OmTO	8 + 𝑭′wPOx?OmTO	 )𝑑𝑡/3 = 𝑭′′wPOx?Om𝑑𝑡  
to conserve the translational motion of the center of mass (Figure 4-2c). Here on the 1st 
and 3rd fiber nodes the bending forces overall were 




Crosslinks formed between all fiber nodes on different fibers within Dcrx during 
the network initiation process. The crosslink was modeled as a rigid covalent bond, 
which transduced both stretching and bending forces between crosslinked fiber node 
pairs: 
Equation 4-7 𝑭SQTRR?OTO	SQ+8 = 𝑭RHQPHSℎ?OmTO	SQ+3 + 𝑭wPOx?OmTO	SQ+3  
and 𝑭SQTRR?OTO	SQ+3 = 𝑭RHQPHSℎ?OmTO	SQ+8 + 𝑭wPOx?OmTO	SQ+8 (Figure 4-2).  
As time evolved, crosslinks can break if the force on this crosslink exceeded a 
predetermined bond breaking force. So the crosslinks kept transducing all forces until 
they were larger than this breaking force (𝐹wQP). This covalent bond breaking force for 
crosslinks was estimated by the product of the fibril bond breaking distance and the 
tensional bond stiffness (Depalle, Qin, Shefelbine, & Buehler, 2016) to be around 100 
pN. 
The goal of our simulation was to understand the dynamics of collagen 
remodeling with different collagen properties at various boundary conditions. The 
Newton’s law of motion was used here to characterize the temporal information of 
collagen remodeling due to its emphasis on the viscoelastic property of materials (T. Kim, 
Hwang, Lee, & Kamm, 2009). The inertia of collagen was negligible (Alberts, 2009; T. 
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Here 𝑭? represented the vector form of all forces discussed previously exerted on a fiber 
node 𝑖, 𝒓?  was the position of this fiber node, 𝒗∞  was the velocity of the surrounding 
medium and we set it to zero assuming there is no external interstitial flow, and 𝛾 was the 
viscous drag coefficient or friction coefficient. Our simulation also neglected the 
Brownian dynamic motion of collagen fibers, collagen polymerization or 
depolymerization, since there was no apparent observable dynamics corresponding to 
these processes in experiments. To solve Equation 4-8, the Runge-Kutta method was 
implemented to derive the new 𝒓? at each time point: 
Equation 4-9   𝒓? 𝑡 + 𝑑𝑡 = 𝒓? 𝑡 +
xH

𝒌8?(𝑡) + 2𝒌3?(𝑡) + 2𝒌?(𝑡) + 𝒌|?(𝑡) , 
where  𝒌8? 𝑡 =
8





𝑭? 𝒓8 𝑡 + 𝑑𝑡
𝒌(H)
3
, 𝒓3 𝑡 + 𝑑𝑡
𝒌(H)
3




𝑭? 𝒓8 𝑡 + 𝑑𝑡
𝒌(H)
3
, 𝒓3 𝑡 + 𝑑𝑡
𝒌(H)
3
, … , 
 𝒌|? 𝑡 =
8

𝑭? 𝒓8 𝑡 + 𝑑𝑡𝒌8 𝑡 , 𝒓3 𝑡 + 𝑑𝑡𝒌3 𝑡 , … . 
The boundary condition To mimic the tumor cluster expansion with a diameter of around 
100 to 400 µm (Charoen, Fallica, Colson, Zaman, & Grinstaff, 2014), an approximated 
rigid plane surface was applied to compress the top of collagen network volume. The 
compression interface compressed down at a constant speed (-z direction) and then 
stopped at every −10% strain for a constant time interval until −80% stain in the end 
(Figure 4-4a and b). The fibers touching this compression interface were free to move in 
the horizontal directions (x and y directions). In addition to this compressing top 




frictionless and rigid: fibers were not allowed to pass across them but can move freely on 
their surfaces.  
Stress measurement The total force exerted on the fiber nodes within 1 µm from the 
compression interface were approximated to be equal with the reaction force sensed at 
the compression interface. Here, the forces on these fiber nodes due to collagen stretching, 
bending resistance and crosslinking were summed to calculate this total force. The stress 
sensed at the interface was obtained by dividing the interface area (Figure 4-4c).  
4.2.2 Results 
In the serial compression simulation, the changes in the collagen alignment, the collagen 
density and the mechanical property were characterized to estimate the collagen 
remodeling and signatures during tumor expansion. In the visualization of collagen fiber 
network during the compression series (Figure 4-4a), a certain amount of collagen fibers 
densified and aligned at and close to the compression interface in the horizontal direction 
(x and y directions). The mechanical property of collagen fiber network was also 
quantified in our simulation, such as the stress measured at the compression interface 
(Figure 4-4c). The stress always peaked during compression, while gradually dropped to 
a non-zero steady value. Notably, when comparing the stress peak values at different 
compression intervals, they kept increasing in the first three to six rounds and then 
decreased in later ones, so did the stress steady values at different steady intervals. This 
monotonic increase over first three to six compression intervals represented to an elastic 
feature of collagen fiber network, while after then the viscoelastic effect was involved 




viscoelastic effect: the collagen crosslinks including their breaking dynamics (Figure 4-
4e) and the viscosity term in the Newton’s law of motion (Equation 4-5). The viscosity 
term cannot be deleted due to the setup of our simulation temporal derivation. We tested 
the fiber network without collagen crosslinks together with other factors in the 
followings. 
 It was unknown what factors regulate the stress level during compression and 
steady states. We thus varied the speed of compression, the young’s modulus 𝐸 , the 
amount of crosslinks, the coefficient of stretching resistance, the coefficient of bending 
resistance. To minimize variations due to randomly generated collagen network topology, 
we used the same collagen network topology including the same fiber lengths, 
orientations, and positions in the beginning of the simulations.  
 The speed of the compression during the compression intervals was relevant to 
tumor expansion speed. Based on our simulation we found that the peaks of stress during 
the compression largely depended on the compression speed, i.e., the growth speed of a 
tumor (Figure 4-5). However, no matter how large stress the collagen network generated, 
it always recovered back to the same stress level at steady intervals, with a longer or 
shorter time depending on the compression speed. In addition, the collagen network 
seemed to have a stress upper bound, beyond which the stress cannot increase by 
increasing the compression speed. In the following simulations, the speed of compression 
was set to be much faster to save computational time spent, compared to the Figure 4-4c. 
And also this newly adjusted speed of compression later turned out to be an appropriate 




was in the linear elastic domain and also not far from the plateau region.  
The stress at the steady states may play a more important role in tumor 
progression, since we assumed that tumor is not always actively expanding but is in a 
homeostatic steady state most of time before becoming metastatic. We further studied 
that how the endogenous collagen properties regulate the steady state stress. First the 
changes of the Young’s modulus were tested in the simulation and both the peak and 
steady state stress changed along with it (Figure 4-6). This was different with the effect of 
compression speed changes on collagen network stress: the peak and steady state stress 
do not necessarily change simultaneously. Both the stretching and bending stiffness 
coefficients depend linearly on Young’s modulus (Equation 4-2 and 4-4), so we asked 
whether the bending and stretching property determined the steady state stress. The 
advantage of simulation was that one can change these factors one at a time, though they 
correlated tightly in reality. By varying the stretching stiffness or the bending stiffness, 
the peak and the steady state of stress varied separately: The bending stiffness played a 
much more important role in determining the steady states and their recovery time than 
the stretching stiffness (Figure 4-7 and 4-8). The larger the bending stiffness was, the 
larger the steady states and the recovery time was. To investigate further how the bending 
stiffness regulated the steady state of stress, the collagen fiber network was visualized in 
VMD (VMD 1.9.2, Beckman Institute, University of Illinois at Urbana-Champaign). A 
more significant collagen densification close to compression interface was present in the 
collagen network with high bending stiffness than the control (Figure 4-9). It was very 





 The number of crosslinks formed in the beginning of the collagen network 
simulation was varied to test its effect on stress sensed by the compression. Surprisingly 
by even increasing 10-fold of crosslink amount in the same collagen network, neither the 
peak nor the steady states of stress changed. However, previous study has shown that 
increasing the collagen crosslink number changed the mechanical property such as 
stiffness of the bulk collagen gel (Levental et al., 2009). To resolve this confliction, we 
investigated that there were two types of crosslinks: those between collagen fibers 
(interfiber crosslinks) and intrafiber (intermolecular) crosslinks (Depalle, Qin, 
Shefelbine, & Buehler, 2015). In our simulation, the collagen network only included 
interfiber crosslinks. By increasing the collagen crosslink number, the number of the 
intrafiber (intermolecular) crosslinks also increases since they are the same type of 
covalent bonds. Adding the intrafiber crosslinks can dramatically increase the Young’s 
modulus of single collagen fiber (Depalle et al., 2015), which can increase both the peak 
and the steady state of stress in collagen network.  
4.3 Discussion 
Here we presented a collagen fiber model with external serial compression alternating 
with steady states to study the stress response to this compression and the mechanisms of 
this respond. To our knowledge, this is one of the few collagen fiber network models to 
study the collagen network under compression. From our simulations, we found that the 
bending stiffness of single collagen fiber regulated the stress recovery after compression 




crosslinks also implied that the intermolecular crosslinks played a key role in regulating 
collagen mechanics in a low crosslinked collagen network.  
 Our model has several advantages and novelties in studying matrix mechanics and 
topology. First, our model setup was not energy-based, so one can easily implement 
customized external or internal forces on any fibers or boundaries in this network without 
transferring to an energy term. Such a model has great potential in incorporating cell-
matrix traction forces at distinct contact sites to study collagen remodeling and cell-ECM 
feedbacks. In Chapter 6, we discussed two different further applications: simulating a 
spherical indenter in nanoindentation experiment and also cell migration in different 
collagen alignment. In addition, this model did not solve for minimum energy but used 
the Newton’s law of motion, which gave a more accurate temporal information of 
collagen remodeling. The gradient descent path to a lower energy state did not 
necessarily overlap with the path given by Newton’s law of motion, due to the rigid 
crosslink term not having an energy correspondence. Moreover, the output can be easily 
calculated, such as the radial force around the spherical indenter.  
 There are some limitations in our system as well that need improvements. The 
system is computational expensive, and smart algorithms are required to adjust it for 
parallel computation. The buckling, stretching failure, fluid flow, fiber braching and 
volume exclusion were neglected in our model for the sake of simplicity, and these may 
potentially have great implications in collagen mechanics and cell-matrix interaction 
regulations. There are many questions awaiting to be investigated by our model with 




at the compression interface, while during tumor expansions, fibers in contact with cells 







Figure 4-1: The collagen hierarchical structure in self-assembly.3 Our model focused 
on characterizing dynamics at the collagen fibril level whose diameter is around 100 nm. 
Most previous studies did not distinguish collagen fibril and fiber, so here we used these 
terms interchangeably. Collagen fibrils can crosslink to form more stable and stiffer 
structures, such as collagen network or collagen fiber bundles, and regulate cells in this 
micro-scale.  
 
                                                                                                    
3 Reprinted with permission from Gautieri et al. (Gautieri, Vesentini, Redaelli, & Buehler, 2011). 





Figure 4-2: Collagen fiber network model design overview. A collagen fiber was 
remodeled due to stretching (blue), bending (green) and crosslinking (red) forces. 
Crosslinked fiber nodes shared the same amount of stretching and bending forces 






Figure 4-3: Collagen fiber bending resistance simulation design. Two fiber segments 
were designed to first rotate around the central fiber node, and then the positions of all 






Figure 4-4: Compression experiment and visualization of collagen fiber network. (a) 
The top of collagen network volume was compressed down in a series of step-like 
functions. The collagen network structure visualizations were shown at the start of each 




of compression and steady states alternating. This generated different responses of stress 
(c): The stress peaked during the compression state, while recovered and plateaued 
during the steady state. Here these stress values were fitted by reducing the compression 






Figure 4-5: Collagen network stress at different compression speeds. (a) When 
varying the compression speed, the peak values of stress during compression period 
varied monotonically with the compression speed. But there was no visible difference in 
stress at steady states. (b) The peak values of stress did not change linearly with the 
compression speed, instead they plateaued at a 4-fold change of the control compression 






Figure 4-6: Collagen network stress with different Young’s modulus 𝑬 of single 
collagen fiber. (a) The stress in both the compression and the steady state changed 
monotonically with 𝐸. When there was a 6-fold change of the control 𝐸, the system took 
much longer time to reach steady states. Regardless of recovery time, the steady state of 
stress in 8
|




linearly on 𝐸  when 𝐸  was not large. After 𝐸  became high, the stress peaks increased 






Figure 4-7: Collagen network stress with different stretching stiffness. (a) The stress 
peaks changed monotonically with 𝑘RHQPHSℎ?Om, while stress at the steady states depended 
not significantly on 𝑘RHQPHSℎ?Om in an anti-correlated way. (b) The stress peaks depended 
on 𝑘RHQPHSℎ?Om in a similar way as they depended on 𝐸: at small 𝑘RHQPHSℎ?Om, the peaks of 
stress linearly depended on 𝑘RHQPHSℎ?Om ; after 𝑘RHQPHSℎ?Om  became very high, the stress 





Figure 4-8: Collagen network stress with different bending stiffness. (a) The steady 
states of stress and their recovery time changed monotonically with 𝑘wPOx?Om, while the 






Figure 4-9: Collagen densification near compression interface with different 
bending stiffness. The top row showed the collagen network structure right in the end of 
a compression (left) and reaching the steady state (right). There was minimal collagen 
densification before and after the compression close to the interface. If increasing the 
bending stiffness, there was apparent collagen densification close to the interface (in red 
circles) after a same steady state interval. These simulations had the same initial collagen 






Figure 4-10: Collagen network stress with different number of crosslinks. The 
collagen network with different initial amount of collagen crosslinks did not have much 




Chapter 5: Mechanical Integrin of cell-matrix and cell-cell interactions 
through YAP/TAZ 
5.1 Introduction 
In this chapter, we aim to bridge this gap through an integrated model that includes 
mechano-to-biochemical signal conversion by adhesion molecules, intracellular signal 
transmission, cytoskeleton dynamics, and regulation of effectors relevant to directing 
transcriptional programs, such as YAP/TAZ (Halder, Dupont, & Piccolo, 2012). We 
introduce a response function for YAP/TAZ activity in dependence on ECM stiffness, 
and study how disturbances of molecular activities can alter this stiffness response 
function. The model predicts that adhesion regulation has a significant role in regulating 
YAP/TAZ activity in mechanical sensing. Changes in FAK shift the stiffness response 
function horizontally, such that FAK overexpression rescues YAP/TAZ activity in soft 
environments. We also predict that YAP/TAZ are more sensitive than SRF/MAL in 
response to changes in ECM properties. Furthermore, our model is able to explain the 
observed synergistic effect of mechanical and canonical Hippo regulation on YAP/TAZ 
activity through incorporating interaction between LATS and LIMK.  
In healthy tissues, robust mechanisms of accurately controlling cellular growth 
are vital requirements for maintaining homeostasis. In particular, regulatory feedback 
from tissue to cell scale is needed to stop individual cells from dividing when an optimal 
organ size is reached. Through cell autonomous actions, each cell affects size and 
geometry of cell colonies and ultimately whole tissues. Cells communicate, for instance, 




through remodeling and sensing mechanical forces (McClatchey & Yap, 2012)  to 
regulate epithelial growth. Not surprisingly, growth control mechanisms are often 
disturbed in cancer (Hanahan & Weinberg, 2011). Intracellular signaling pathways are 
needed to provide links between sensing organ sizes and mediating cellular responses. 
The Hippo pathway directs signals essential for the regulation of contact inhibition, 
playing key roles in organ size control (Goulev et al., 2008; McClatchey & Yap, 2012; 
Piccolo et al., 2014). Traditionally, this pathway is studied by investigating the roles of 
cell-cell adhesion and cell polarity molecules, including E-cadherin (N.-G. Kim, Koh, 
Chen, & Gumbiner, 2011), NF2 (Merlin) (Piccolo et al., 2014; Zhao et al., 2007), and 
Crumbs (Szymaniak, Mahoney, Cardoso, & Varelas, 2015). These molecules ultimately 
act on the core kinases LATS1/2, which phosphorylate the transcriptional co-activators 
YAP/TAZ and thereby prevent them from localizing into nucleus. The localization of 
YAP/TAZ into the nucleus leads to the activation of transcription factors, such as the 
TEAD family, to promote proliferation, resistance to apoptosis, and maintenance of 
stemness (Piccolo et al., 2014). YAP/TAZ have therefore emerged as important 
mediators of tumorigenic cues, including those associated with malignant cancers 
(Hanahan & Weinberg, 2011; Harvey, Zhang, & Thomas, 2013; Moroishi, Hansen, & 
Guan, 2015; Zanconato, Cordenonsi, & Piccolo, 2016). Despite the importance of 
YAP/TAZ in cancer, how aberrant YAP/TAZ signaling arises and is sustained remains 
unclear, particularly given that known upstream regulators such as the LATS kinases are 
not typically mutated in cancers (C. G. Hansen, Moroishi, & Guan, 2015; Zanconato, 




5.2 YAP/TAZ mechanosensing mathematical model 
5.2.1 Methods 
To understand and predict YAP/TAZ activity, as measured by its amount in the nucleus, 
we consider a model of interactions among several key molecules in mechanical sensing 
mechanism (Engler et al., 2006; Harrison, Knifley, Chen, & O Connor, 2013). Previous 
models focus on providing new insights into individual components of mechanical 
signaling, such as adhesion (Asthagiri, Nelson, Horwitz, & Lauffenburger, 1999), Rho 
GTPase (Holmes, Lin, Levchenko, & Edelstein-Keshet, 2012), and cytoskeleton 
dynamics (Onsum & Rao, 2007; Tania, Condeelis, & Edelstein-Keshet, 2013; Tania, 
Prosk, Condeelis, & Edelstein-Keshet, 2011; Tao & Sun, 2015) separately. However, an 
integrated understanding of how adhesion affects cytoskeleton dynamics and stiffness 
response effector such as YAP/TAZ is not well characterized. Our model includes key 
selective molecules from previous models, such as FAK and RhoA, and is extended with 
the necessary components for YAP/TAZ regulation (Dupont et al., 2011). We model the 
time evolution of the concentrations of the molecules by ordinary differential equations. 
The model distinguishes between molecules in different cellular compartment, such as 
YAP/TAZ in the cytoplasm and nucleus, and F-actin in the cortex and the cytoplasm. It 
consists of the conversion of mechanical signals to biochemical signals via adhesion 
molecules, RhoA GTPase signal transmission, cytoskeleton dynamics, and transcription 
relevant signaling molecular activity (Berrier & Yamada, 2007; Halder et al., 2012; T. D. 




Signaling Network The network of signaling molecules is shown in Figure 5-1. External 
ECM properties are felt through adhesion complexes. For this section we focus on FAK, 
for which there is clear evidence of higher activity in stiffer 3D ECM environment (P P 
Provenzano et al., 2009; Wozniak, Desai, Solski, Der, & Keely, 2003). Further 
downstream, we include the small GTPase RhoA, which can activate autoinhibited mDia 
(Loria et al., 2003; Sakamoto et al., 2012) and ROCK (Narumiya et al., 2009) by binding 
with them. mDia is an actin formin that nucleates actin filaments (Higashida et al., 2004) 
and accelerates the rate of actin elongation 5- to 15- fold (Higashida et al., 2008). ROCK 
enhances myosin activity by phosphorylating myosin light chain and inhibiting myosin 
phosphatase (Totsukawa et al., 2000). It also phosphorylates and activates LIM-kinase, 
resulting in the inactivation of the F-actin severing protein cofilin (Narumiya et al., 
2009). Thus ROCK, promotes the assembly of stress fibers and actomyosin contractility. 
In turn, increased actin and myosin activity is associated with increased YAP/TAZ 
activity (Aragona et al., 2013; Dupont et al., 2011). In our model these key molecules are 
sufficient to interpret the mechanism of mechano-sensing of YAP/TAZ, and the model is 
formulated in a way that other molecules, such as Rac, Cdc42, profilin, Aip1 (Bamburg 
& Bernstein, 2010), Scr or capping proteins, can be easily added to the model. The inputs 
are the ECM mechanical properties and concentrations of intracellular signaling 
molecules, while the output is the nuclear translocation of the transcriptional relevant 
molecules, YAP/TAZ.  
Conversion from mechanical signals to biochemical signals ECM stiffness and ligand 




adhesion molecules initially (Berrier & Yamada, 2007). Elucidating the mechanisms of 
conversion of mechanical signals to biochemical signals via adhesion molecules is a 
fundamental question of mechanobiology, and the precise mechanisms of mechanical 
sensing in regulating YAP/TAZ activity are poorly understood. Among the large number 
of adhesion molecules, we focus on the activity of FAK in our model, since FAK is a key 
molecule in adhesion components regulating the downstream signals, such as RhoA 
GTPase (Mitra, Hanson, & Schlaepfer, 2005). Other components of adhesion molecules 
are implicitly incorporated in the model by the usage of high-order hill function, which 
represents cooperativity among the groups of adhesion molecules. There is strong 
evidence showing that with higher rigidity of ECM, FAK phosphorylation is up-regulated 
both on 2D substrate and in 3D matrix (Levental et al., 2009; Paszek et al., 2005; P P 
Provenzano et al., 2009; Wozniak et al., 2003). Over-expression of FAK can rescue cells 
whose proliferation was inhibited by low adhesion or reduced cell spreading (Pirone et 
al., 2006). In 2D, the cells constrained in spreading showed lower FAK phosphorylation 
than the spread cells, even when coated with high densities of fibronectin, and had 
impaired proliferative ability (Pirone et al., 2006).  
Previous modeling approaches have focused on the dependence of the FAK 
phosphorylation rate on the ECM ligand density through a Michaelis-Menten function 
(Asthagiri et al., 1999; Kumar, Das, & Sen, 2014). We extend this function by adding the 
mechanical properties of ECM, notably its Young’s modulus Emol . When fitting data 
regarding the dependence of FAK on ECM stiffness (P P Provenzano et al., 2009), we 




5-2). This is consistent with previous studies showing that a Hill function is compatible 
with the high cooperativity of the adhesion molecules such as integrin, talin, etc (Mitra et 






C 2 + (LD(t)× Emol(t))2
(FAK 0 − FAKP(t))− kdf FAKP(t)  
Here, ksf  is the maximum activation rate due to the ECM, and the de-phosphorylation 
rate of FAK is  
kdf . C  is the half-activation coefficient, i.e. when LD(t)× Emol(t) =C , 
the activation is ksf / 2 . 𝐿𝐷 is the ligand density of collagen network for cells to bind 
with. And we mainly focus on the ECM stiffness in this section and regard ligand density 
as constant. 
Molecular switch RhoA GTPase Rho-family GTPases are molecular ‘switches’ within 
cells to control the formation and disassembly of actin cytoskeletal structures, such as the 
stress fibers and filapodia. Adhesion molecules, such as FAK, sense the ECM and 
activate Rho-family GTPases. Among them, RhoA is the key GTPase which has been 
shown to be up-regulated with increasing rigidity of ECM in 3D environment (P P 
Provenzano et al., 2009; Wozniak et al., 2003). In details, phosphorylated FAK activates 
RhoA in both a direct (Zhai et al., 2003) and indirect manner, such as via Fyn (Guilluy et 
al., 2011). Hence, we model the time-dependence of the concentration of RhoA as 
Equation 5-2 dRhoAGTP(t)
dt
= k fkρ(γ (FAKP(t))2 +1)(RhoA0 −RhoAGTP(t))−kdρRhoAGTP(t)       




phosphorylated FAK, kdρ  is the RhoA-GTP deactivation rate, which is relevant to the 
hydrolysis rate of RhoA bound GTP to GDP, and γ  is the RhoA activation 
enhancement/amplification due to active FAK. We have modeled the dependence of the 
activation rate of RhoA on phosphorylated FAK as second order, so the steady state 
Equation 5-3 RhoAGTP =
k fkρ(γ (FAKP(t))2 +1)
kdρ +k fkρ(γ (FAKP(t))2 +1)
    
is a quasi-second-order hill function. This can represent the cooperative process of 
activating RhoA through FAK as discussed earlier.  
Cytoskeleton regulation In the downstream of RhoA, several cytoskeleton regulators are 
activated. We focus on ROCK and mDia to model their time-dependence by 
Equation 5-4 dROCKA(t)
dt
= krρRhoAGTP(t)(ROCK0 −ROCKA(t))−kdrockROCKA(t)      
Equation 5-5 dmDiaA(t)
dt
= kmρRhoAGTP(t)(mDia0 −mDiaA(t))−kdmDiamDiaA(t)        
Here krρ  is the activation rate of ROCK due to RhoA-GTP, kdrock  is the deactivation rate 
of ROCK, kmρ  is the activation rate of mDia due to RhoA-GTP, and kdmDia  is the 
deactivation rate of mDia. Myosin is then up-regulated by ROCK, and evolves according 
to 
Equation 5-6  
dMyoA(t)
dt
= kmr(εT(ROCKA(t))+1)(Myo0 −MyoA(t))−kdmyMyoA(t)  




the deactivation rate of myosin, ε  is myosin activation enhancement/amplification due to 
active ROCK. 
Activated ROCK further activates LIM-kinase (LIMK) and LIMK phosphorylates 




= klr(τT(ROCKA(t))+1)(LIMK0 −LIMKA(t))−kdlLIMKA(t)        
Equation 5-8  
     dCofilinNP(t)
dt
= kturn−over(Cofilin0 −CofilinNP(t))−kcr(1−kllLATS0)LIMKA2(t)CofilinNP(t)       
Here, klr  is the activation rate of LIMK due to other pathways, such as PAK (Bernstein 
& Bamburg, 2010), other than ROCK, 𝑘xis the deactivation rate of LIMK, τ  is LIMK 
activation enhancement/amplification due to active ROCK compared with the activation 
rate due to other molecules, kturn−over  is the de-phosphorylation rate of cofilin, 𝑘SQ  is 
phosphorylation rate of cofilin due to LIMK, 𝑘 is the inhibition rate of LIMK dependent 
cofilin phosphorylation due to the total concentration of 𝐿𝐴𝑇𝑆U  in the cell, and the 
function T(ROCKA(t))  is a smooth function given by 
Equation 5-9 






This T-function approximates the activation starting region of Michaelis-Menten 




LIMK, approximating the plateau region of the Michaelis-Menten function deactivating 
part. Once active ROCK is above the threshold concentration ROCKB , LIMK activation 
rate is linearly dependent on ROCKA(t) , approximating the linear activation part of 
Michaelis-Menten function. The smoothing function uses a smooth filter for connection, 
so the T-function and its first derivative are continuous. The saturation part of the 
Michaelis-Menten function is implicit in T-function due to other molecule amount’ 
saturation, such as FAK and RhoA. 
Here we also propose a distinction between cortical F-actin and F-actin mainly in 
the interior cytoplasm, named as cytoplasmic F-actin, which is a key component forming 
stress fibers. The cortical F-actin and cytoplasmic F-actin have distinct regulators and 
downstream effectors. In Drosophila, Tsr, which is a cofilin homolog and accumulates F-
actin around the entire cell cortex, does not have an effect in Yki, the YAP homolog, 
while the inhibition of capt, another homolog of cofilin, which restricts actin filament 
accumulation near the apical surface, promote Yki activities (Fernández et al., 2011). 
Cortical actin associating with apical junctions is also latrunculin resistant (Kannan & 
Tang, 2015). Thus, in our model, we distinguish the cortical F-actin and cytoplasmic F-
actin. The total amount of actin molecules conserves in our model. For simplicity, we 
also assume that the ratio between G-actin and cortical F-actin is constant. The 
cytoplasmic F-actin is regulated by mDia and cofilin as follows:  
Equation 5-10 
      dFcyto(t)
dt




Here, 𝑘Q is the polymerization rate of cytoplasmic F-actin from G-actin, 𝑘xP  is the 
depolymerization rate of cytoplasmic F-actin, 𝛼 is the amplification/enhancement of the 
polymerization rate due to mDia, and k fc1  is the severing and disassembly rate of 
cytoplasmic F-actin due to active cofilin. Cofilin is an F-actin assembly regulator and its 
effect is dependent on its concentration in vitro: if the ratio of cofilin/actin subunits in a 
filament is low (<1/100), this results in persistent filament severing and acceleration of F-
actin depolymerization, while if the ratio is above 1/10, cofilin stabilizes F-actin in a 
twisted conformation and can nucleate filaments (Bernstein & Bamburg, 2010). The 
severing effect of cofilin itself can be biphasic when interacting with other cytoskeleton 
regulators such as Arp2/3 (Tania et al., 2013). Therefore in our model, cofilin effect is 
characterized to reduce the cytoplasmic F-actin concentration in the range of interior 
cytoplasmic cofilin and actin amount (Tania et al., 2011). For simplicity, we do not 
explicitly take cortical actin into account and assume it is proportional to G-actin with a 
ratio 𝛽. 
YAP/TAZ dynamics YAP/TAZ are regulated by both stress fiber/RhoA activity and cell-
cell contacts/LATS activity (Piccolo et al., 2014). They translocate to the nucleus to bind 
with transcription factors such as TEAD and activate them. Phosphorylation by LATS or, 
potentially through some currently unknown kinase whose activity is regulated by 
cytoskeletal tension, is leading to sequestration of YAP/TAZ. We thus model nuclear 






         
dYAP / TAZN(t)
dt
= (kCN + kCYFcyton(t)myoA(t))(YAP / TAZ0 −YAP / TAZN(t))
− kNCYAP / TAZN(t)− klyLATSP(t)YAP / TAZN(t)
   
Here, kCN  is the rate of YAP/TAZ trans-locating from cytoplasm to nucleus with no 
active cytoplasmic F-actin and myosin, kNC  is the rate of YAP/TAZ trans-locating from 
nucleus to cytoplasm with no active LATS, kCY  is the YAP/TAZ nuclear translocation 
rate due to the stress fiber or the tensional cytoplasmic F-actin. n  characterizes the 
weight YAP/TAZ activity is dependent on cytoplasmic F-actin, n =1  is the default 
setting that indicates the myosin and cytoplasmic F-actin have the similar regulating 
effect on YAP/TAZ activity, and 𝑘6 is the cytoplasmic translocation rate of YAP/TAZ 
due to active LATS. Importantly, YAP/TAZ nuclear translocation has been shown to 
dependent on stress fiber and RhoA in 2D (Dupont et al., 2011). It has been demonstrated 
that stress fibers in cells in 3D are not as distinct as those present in the 2D monolayer 
cultures (LI et al., 2003; Toh et al., 2007), but still with more F-actin in the cytoplasmic 
in rigid environments in comparison to the softer ones (Peyton, Kim, Ghajar, Seliktar, & 
Putnam, 2008). Thus for cells with no apparent stress fiber structure in 3D, we generally 
use the tensional cytoplasmic F-actin filaments, which is characterized by the product of 
the cytoplasmic F-actin concentration and active myosin concentration Fcyto(t)myoA(t), 
to be an equivalent component of stress fibers in 3D.  
MAL dynamics MAL in the cytoplasm has been shown to bind with G-actin, which 












(MAL0 −MALN(t))−kncmMALN(t)   
Here, kcnm  is the rate of MAL trans-locating from cytoplasm to nucleus, kmg  is the 
decreasing effect due to cytoplasmic MAL binding with G-actin and retained in the 
cytoplasm, this inhibition effect is a second-order hill function, and !kncm  is the rate of 
MAL trans-locating from nucleus to cytoplasm.  
For the full model equations and parameters, please see the Appendix 2.  
5.2.2 Results 
We use our computational model to investigate how mechanical signal transmission and 
YAP/TAZ regulation depend on pathways of interacting signaling molecules. We study 
the effect of kinetic inhibition, and perform local sensitivity analysis to predict the role of 
crucial model parameters and external variables such as stiffness. The model does not 
only reproduce the existing experimental results, but also makes a number of new 
predictions. First, we study the effect of disturbing adhesion complexes on YAP/TAZ 
activity represented by the stiffness response function. Then, we explore the distinction 
between SRF/MAL and YAP/TAZ sensitivity to ECM stiffness. More importantly, the 
unresolved synergistic effect between the mechanical sensing and the Hippo pathway of 
YAP/TAZ is investigated by the addition of interaction between LIMK and LATS. 
Molecular intervention To demonstrate the fidelity of our model, we reproduced the 




readily used to make novel predictions. The YAP/TAZ signaling cascade in response to 
mechanical stimuli is studied mostly by the molecular intervention targeting the actin 
cytoskeleton, such as by adding blebbistatin or latrunculin A (Dupont et al., 2011). We 
mimicked the inhibition or overexpression process in our model by up- or down-
regulating the correspondence kinetic parameters. The results are consistent with the 
experimental ones from Dupont et al (Dupont et al., 2011) (Figure 5-3a). Furthermore, 
the sensitivity of YAP/TAZ activity to local changes in kinetic parameters (Zi, 2011) is 
carried out. It turns out that the cell-ECM adhesion relevant parameters are the ones most 
robustly affecting YAP/TAZ activity (Figure 5-3b and Figure 5-4), so we study their 
effect in depth in the following sections.  
The initiation of YAP/TAZ signaling is converting the biomechanical signals into 
molecular signals. The first stage in the cascade, as described in the Methods section and 
Figure 5-1, is the phosphorylation level of FAK in response to ECM stiffness. Over-
expressing or down-regulating FAK amount has been demonstrated to be able to rescue 
or inhibit cell proliferation (Pirone et al., 2006), respectively. Furthermore, over-
expression of FAK has shown to rescue YAP/TAZ activity in serum starved cells in a 
PI3K and LATS dependent way (Nam-Gyun Kim & Gumbiner, 2015). However, with 
sufficient EGF in environment, we predict that FAK overexpression can rescue 
YAP/TAZ activity in a soft ECM environment dependent on the RhoA cascade (Figure 
5-3c). For example, with undisturbed FAK levels, the cells show high YAP/TAZ activity 
in ECM with a high stiffness of 45kPa, while they have low YAP/TAZ activity with 




YAP/TAZ activity is rescued in ECM environment as soft as 20 kPa. More specifically, 
FAK-overexpression is rescuing YAP/TAZ in a way of shifting the stiffness response 
function leftwards rather than upwards. The transition window in ECM stiffness between 
high and low YAP/TAZ activity is also shortened with FAK-overexpression. Thus, we 
further predict in down-regulated FAK cells, activating YAP/TAZ activity requires 
considerable higher stiffness than in cells with normal FAK levels. That is, the YAP/TAZ 
activity in down-regulated FAK cells can be rescued by plating them in a much stiffer 
environment.  
In addition, by comparing the cell stiffness response function in 2D and 3D 
environments (Figure 5-3d), their difference in YAP/TAZ activity is very similar to the 
difference of stiffness response functions with changing concentration of FAK (Figure 
3c). For example, for normal murine mammary gland (NMuMG) in 3D environments, 45 
kPa appears as a stiff environment in terms of YAP/TAZ activity, whereas 25 kPa 
appears as soft. On the other hand, for human mammary epithelial cells (MEC), 20 kPa 
appears as stiff whereas 1kPa appears soft. In agreement with the stiffness response 
function due to FAK concentration change, FAK has been shown to be more aggregated 
around the cell membrane in a 2D environment and thus has a higher total concentration 
than in a 3D environment, in which FAK is diffused throughout the cytoplasm (Fraley et 
al., 2010) and has a lower average concentration. Thus, different localization of FAK in 
2D and 3D environments may explain differences of stiffness sensing and cell behavior 
in such environments. Due to difference for cell types and dimensions, in the following 




specific cell types, dimensions or ECM stiffness values. 
Comparison between YAP/TAZ and SRF/MAL In a single cell mechanical regulation of 
YAP/TAZ activity is thought to be transmitted mainly though stress fibers(Dupont et al., 
2011), which is a resultant of both F-actin assembly and myosin activity, while 
SRF/MAL nuclear translocalization is mainly regulated by the amount of G-actin in the 
cytoplasm (Connelly et al., 2010; Trappmann et al., 2012). One of the hypotheses 
presented in the literature is that due to the resultant interaction of F-actin and myosin, 
YAP/TAZ nuclear localization is more sensitive to the stiffness of the ECM than 
SRF/MAL, which are only affected by actin. Indeed, the model shows that fold-changes 
of YAP/TAZ are much larger than corresponding changes in SRF/MAL in response to 
stiffness changes of ECM (Figure 5-6a). To better study the effect of each molecular 
perturbation on the YAP/TAZ nuclear translocation in comparison with MAL nuclear 
translocation, we define the fold-change of nuclear YAP/TAZ fraction when comparing 
soft and stiff ECM environment, 
Equation 5-13 
                          
FoldChange =
(YAP /TAZN )stiff − (YAP /TAZN )soft
(YAP /TAZN )soft        
This fold-change characterizes the sensitivity of YAP/TAZ activity regarding to stiffness, 
i.e., soft versus stiff. SRF/MAL sensitivity to the ECM environment is also defined in the 
same way as Equation 5-13. YAP/TAZ sensitivity is shown to be larger than the one of 
SRF/MAL even with parameter perturbation (Figure 5-6b and Figure 5-7). In addition, 




FAK and RhoA than up-regulating them. SRF/MAL sensitivity changes regarding to 
FAK and RhoA perturbation shows quite similar pattern to YAP/TAZ, since they share 
the common upstream regulators in mechanical sensing. It also shows that changing FAK 
activation has a larger impact on YAP/TAZ fold change than changing RhoA activation. 
By gradually down-regulating the common activators, model shows that SRF/MAL loses 
the difference response in stiffness before YAP/TAZ does. Hence, the model gives rise to 
a new approach to compare the sensitivities quantitatively. 
In addition to YAP/TAZ keeps showing higher sensitivity than MAL 
translocation fold-change regarding to different stiffness, the shape of the activated 
region reveals the down-regulating FAK and RhoA has a robust effect in regulating the 
YAP/TAZ and MAL nuclear localization than up-regulating it.  
The synergistic effect between the Hippo and mechano-sensing pathways Our previous 
analyses are carried with a constant LATS condition. There is a puzzling fact arising 
from simultaneous changes in LATS activity and cell tension due to mechanical signals: 
Dupont et al (Dupont et al., 2011) showed that LATS kinase activity is independent of 
cell tension, while Aragona et al. (Aragona et al., 2013) showed inhibiting LATS and 
Capping molecules for F-actin together can promote YAP/TAZ activity in a degree that is 
more than the total effect of adding only siCapZ and adding only siLATS. This is a 
synergistic phenomenon of inhibiting Capping protein and LATS. In the previous work, 
this phenomenon is characterized as LATS regulation dominated by cytoskeleton 
regulation (Aragona et al., 2013), however, its mechanism is unknown. Our model 




LIMK-cofilin. In single cellular system with soft environment, though most LATS is 
inactive, LATS can dramatically reduce the phosphorylation of cofilin and enhances actin 
polymerization in an LATS kinase activity independent way (X. Yang et al., 2004). By 
adding this interaction (the red interaction 12 in Figure 5-1), our model is able to capture 
the synergistic effect between the Hippo and mechano-sensing pathways. Through this 
interaction, knockout of LATS enhances F-actin assembly. More importantly, it gives rise 
to the synergistic effect of LATS and CapZ inhibition (Figure 5-8a). If YAP/TAZ has 
more dependent on cytoplasmic F-actin than myosin (n changes from 1 to 2 in Equation 
5-11), the synergistic effect is larger (Figure 5-8b).  
5.3 Mechanical integration of cell-matrix and cell-cell interactions through 
YAP/TAZ 
5.3.1 Methods  
Preparation of Substrates Preparation of polyacrylamide gels was adapted from a 
previously published protocol (Tse & Engler, 2010). Substrates were formed by 
sandwiching 5 µL of polyacrylamide solution between an 8 mm coverslip and an 8-well 
chambered glass coverslip with #1.5 coverglass (Cellvis). Prior to the addition of 
polyacrylamide, the 8-well chambered glass coverslip was functionalised with 1.1 mM of 
3-(trimethoxysilyl) propyl methacrylate (BIND Silane) in 7 mM Acetic Acid, Glacial 
(Sigma-Aldrich). Following gel formation, substrates were sterilized via three washes 





Mechanical Characterization of Polyacrylamide Substrates The mechanical properties of 
the polyacrylamide substrates were evaluated using a PIUMA Nanoindenter (Optics 11, 
Amsterdam, Netherlands). To this end, polyacrylamide gels were indented at a constant 
strain rate (10 µm s-1) by a 20.5 µm diameter probe with a cantilever stiffness of 0.066 
N/m. The resulting force-displacement curves were converted into indentation stress-
strain using the Hertz model, assuming a linear elastic and isotropic material response, 
and the elastic modulus was taken as the slope of stress-strain curve within the linear 
region. For each sample, a total of five indentations were made into the sample at five 
different locations separated by more than 500 µm.  
Preparation of Collagen-Coated Polyacrylamide Substrates For cell adhesion, collagen I 
protein (Corning) was covalently bonded to the surface of the polyacrylamide substrates 
using the heterobifunctional linker Sulfo-SANPAH (Pierce). Briefly, 0.5 mM of sulfo-
SANPAH solution in 50 mM HEPES at pH 8.5 was pipetted onto the substrates, and 
irradiated for 10 minutes with 365 nm ultraviolet light from an 8-watt UV Lamp (Pierce). 
The substrates were washed once with HEPES solution, and the sulfo-SANPAH 
treatment was repeated one time. Following the second sulfo-SANPAH treatment, the 
surfaces were washed three times with HEPES solution to remove excess sulfo-
SANPAH.  A uniform collagen coating was achieved by pipetting 0.1 mg/mL collagen 
solution in PBS at pH 7.3 onto the substrates and incubating at 4°C overnight. The 
uniformity of the collagen coating was visually confirmed by immunofluorescent 




Preparation of Collagen-Coated Glass Substrates Collagen-coated glass substrates were 
formed according to a previously published protocol(Tse & Engler, 2010). Briefly, a 0.1 
mg/mL solution of type I collagen in PBS at pH 7.3 was added directly to 8-well 
chambered glass slides, and incubated at 4°C overnight. 
Culturing and Seeding of Cells on Substrates Prior to seeding, the triple-negative breast 
cancer cell line MDA-MB-231 was cultured in Dulbecco's Modified Eagle Media 
(DMEM) with 10% fetal bovine serum and 1% penicillin/streptomycin. The non-
cancerous cell line MCF10A was cultured in Growth Media according to a previously 
published protocol(Debnath, Muthuswamy, & Brugge, 2003).  
For the sparse, confluent, and dense conditions, cells were seeded at densities of 
62, 620, and 2,600 cells/mm2, respectively.  
Immunofluorescence Staining and Microscopy After 48 hours of culture on the substrates, 
cells were fixed with 4% PFA for 15 minutes and permeabilized with 0.1% Triton X-100 
for 15 minutes at room temperature. Samples were then blocked with 1% BSA and 0.1% 
Triton X-100 for 1 hour at room temperature.  Following blocking, samples were 
incubated with primary antibodies for 2 hours at room temperature, and with Alexa Fluor 
488-conjugated secondary antibody (Invitrogen) for 1 hour at room temperature (1:500). 
Antibody information is shown in Table 5-1. Nuclear staining was performed using the 
cyanine nucleic acid dye BOBO-3 Iodide (ThermoFisher) at a concentration of 1 µM for 
the sparse conditions and 10 µM for the confluent and dense conditions, and incubated at 
room temperature for 30 min. To improve the specificity of the nuclear stain, 0.2 mg/mL 




Images were acquired with a DMI600B microscope (Leica, Solms, Germany) 
with an ImagEM EM-CCD Camera (Hamamatsu Photonics, Hamamatsu, Japan) in a 
spinning disc confocal setup (Yokogawa, Tokyo, Japan). Imaging was done using Micro-
Manager Software (http://www.micro-manager.org).The lens magnification is 63× and 
the resolution is 0.1788 µm/pixel. The region of view for each image is 91.5 µm × 91.5 
µm. 
Image analysis Within the image stacks of MCF10A and MDA-MB-231 cells with nuclei 
staining for different densities, the image with the highest average intensity was chosen 
(assumed to be on focus) to be analyzed for each region of interests. Our image analysis 
algorithm was developed in Matlab (R2009b, MathWorks, Inc., US) to extract the nuclei 
areas in a semi-automatic approach. We first enhanced the contrast using the histogram 
equalization. With a threshold of low intensity, areas of positive signals were 
distinguished from background noise. The threshold of intensity was adjusted up or down 
on each positive area until the detected nuclei regions fall into the criteria of the size and 
the solidity for nuclei shapes in general. Manual visualization detection was also applied 
to select the false negative nuclei regions that fall beyond these morphological criteria. 
Using the center of each nuclei regions obtained, the voronoi tessellation was 
applied to estimate individual cellular cytoplasmic area and cell border (Doyle et al., 
2007; Wyatt et al., 2015), combining with the smooth cell border detected from 
YAP/TAZ signal, which was identified using an intensity threshold with the erosion and 
dilution algorithm. The ratio of average YAP/TAZ intensity matches with the 




area to the one over the cell area, due to the bias from nuclei and cell size. The ratio of 
the average YAP/TAZ intensity in nuclei region to the one in cytoplasm was calculated 
for each cell. The cells in image margins with YAP/TAZ nuclear ratio matching the 
visual detection were selected manually to be included in the quantification. After the 
YAP/TAZ nuclear ratio per cell was calculated, the ratio thresholds were applied to 
categorize cells into YAP/TAZ mainly in nuclei, mainly in cytoplasm, and in both. Based 
on the visual comparison, cells with YAP/TAZ ratios greater than 1.11 have YAP/TAZ 
mainly in nuclei, the ones with ratios smaller than 0.96 have YAP/TAZ mainly in 
cytoplasm, and the rest have both cytoplasmic and nuclear YAP/TAZ. Following 
categorization, the percentage of the cell number with YAP/TAZ mainly in nuclei and 
half of the cell number with YAP/TAZ in both nuclei and cytoplasm within one image 








Ki67-positive nuclei were identified in a similar way with the BOBO-3 stained 
nuclei. After this, the Ki67-positive ratio was calculated by the ratio of the nuclei number 
with both Ki67 stain and BOBO-3 stain, divided by the BOBO-3 stained nuclei number. 
Computational Model The model consists mainly two signaling pathways: ECM 
mechanosensing and cell-cell contact inhibition signaling. The ECM mechanosensing 
modeling was extended from our previous work (M Sun et al., 2016), combining with 
cell-cell contact, cell polarity and the actin remodeling due to cell density changes. Our 




in different cellular compartments, such as YAP/TAZ in cytoplasm and nucleus, and F-
actin in the cortex and the non-cortical domain.  
The cell-cell contact structures include adherens junctions (AJ) and tight junctions. 
In adherens junctions of epithelial cells, cadherin adhesion molecules such as E-cadherin 
embed in cell plasma membranes and their cytoplasmic domain interacts with p120-
catenin, β-catenin and α-catenin, which link junctions with actin cytoskeleton (Nelson & 
Nusse, 2004; Takeichi, 2014). Once two cells start to contact physically, E-cadherin 
recruitment and actomyosin cortex formation happen simultaneously at cell-cell contacts 
(Engl, Arasi, Yap, Thiery, & Viasnoff, 2014). Here we modeled cell-cell adhesion 









= 𝑘RµQ°SH 1 + 𝑘R6O𝐸𝑐𝑎𝑑°= 𝑡 + 𝑘R6OSx𝑓3 𝜌 𝑡 𝐴𝑐𝑡𝑖𝑛U −
																																			𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡 − 𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡 − 𝑘xSQ𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡  
Here Ecad¸¹ t  is the concentration of E-cadherin recruited in adherens junction, 
𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡  is the F-actin concentration in the cortical domain, 𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡  
is the F-actin concentration in the non-cortical domain, and 𝐴𝑐𝑡𝑖𝑛U  is the total 
concentration of actin molecules, which is assumed to be a constant irrespective of cell 




both independent and dependent on each other. We used the E-cadherin concentration in 
the adherens junctions to represent both the adherens junctions activity and the tight 
junction activity, forming key upstream components of the canonical Hippo pathway 
(Badouel & McNeill, 2017; N.-G. Kim et al., 2011). 𝑓8 𝜌 𝑡  and 𝑓3 𝜌 𝑡  are functions 
of cell density 𝜌 𝑡  (unit: cells/mm2), and are defined as 








As cells reach confluence in a monolayer, the apical-basal polarity forms. Among 
the polarity molecules in mammalian cells, Crumbs3 (Szymaniak et al., 2015; Varelas et 
al., 2010) and Scribble (D. Chen et al., 2012; Mohseni et al., 2014) have been shown to 
be key components that regulate LATS1/2 phosphorylation through the Hippo pathway. 
The Crumbs complex and the Scribble complex are modeled as two components as a 
proxy without expanding each molecule involved in the complex, since the dynamics of 
polarity molecules is not our main focus here. In general, the localization of polarity 
groups to the membrane requires initial cues from the adherents junctions (Rodriguez-
Boulan & Macara, 2014). The Crumbs complex localizes to the apical domain, while the 
Scribble groups localize to the basolateral domain (Rodriguez-Boulan & Macara, 2014; 
Szymaniak et al., 2015). We adapted parts of the polarity model from previous work 
(Fletcher, Lucas, Brain, Tournier, & Thompson, 2012): 
Equation 5-18	xµQw¼ H
xH
= 𝑘µQw 𝐶𝑟𝑏U − 𝐶𝑟𝑏°¾ 𝑡 − 𝐶𝑟𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  






= 𝑘µQw 𝐶𝑟𝑏U − 𝐶𝑟𝑏°¾ 𝑡 − 𝐶𝑟𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																			−𝑘xµQw𝐶𝑟𝑏¿À¾ 𝑡 − 𝑘OHm𝐶𝑟𝑏¿À¾ 𝑡 𝑆𝑐𝑏¿À¾ 𝑡  
Equation 5-20	xÄSw¼ H
xH
= 𝑘ÄSw 𝑆𝑐𝑏U − 𝑆𝑐𝑏°¾ 𝑡 − 𝑆𝑐𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																			−𝑘xÄSw𝑆𝑐𝑏°¾ 𝑡 − 𝑘OHm𝐶𝑟𝑏°¾ 𝑡 𝑆𝑐𝑏°¾ 𝑡  
Equation 5-21	xÄSwÂÃ¼ H
xH
= 𝑘ÄSw 𝑆𝑐𝑏U − 𝑆𝑐𝑏°¾ 𝑡 − 𝑆𝑐𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																		−𝑘xÄSw𝑆𝑐𝑏¿À¾ 𝑡  
Here 𝐶𝑟𝑏°¾ 𝑡  and 𝐶𝑟𝑏¿À¾ 𝑡  are the Crumbs3 concentrations in the apical and the 
basolateral domain on membranes, and 𝑆𝑐𝑏°¾ 𝑡  and 𝑆𝑐𝑏¿À¾ 𝑡  are the Scribble 
concentrations in the apical and the basolateral domain on membranes. This apical-basal 
polarity is mainly generated by a positive feedback loop of the Crumbs complex and a 
mutual antagonism between the apical Crumbs and the lateral Scribble complex (Fletcher 
et al., 2012; Rodriguez-Boulan & Macara, 2014; St Johnston & Ahringer, 2010). Also 
here the diffusion of Crumbs and Scribble complexes on membranes was neglected in our 
model.  
According to Varelas et al. (Varelas et al., 2010), the concentration of Crumbs3 in 
the membrane apical domain plays a vital role in phosphorylating YAP/TAZ and 
localizing it in the cytoplasm through LATS kinases. LATS1/2 phosphorylates YAP/TAZ 
directly, though the retention of phosphorylated YAP/TAZ in the cytoplasm needs 
cooperation of some cytoplasmic anchors (Zanconato, Battilana, et al., 2016). Recently, 
substrate stiffness-mediated actomyosin has been discovered to regulate YAP nuclear 
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Equation 5-23  		xÊ°É/Å°ËÌ H
xH
= 𝑘S6
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¢Ã Î 𝑌𝐴𝑃/𝑇𝐴𝑍U − 𝑌𝐴𝑃/𝑇𝐴𝑍D 𝑡 − 𝑘OS𝑌𝐴𝑃/𝑇𝐴𝑍D 𝑡  
The process of proliferation is regulated by YAP/TAZ through its co-
transcriptional activity. We modeled the concentration of nuclear Ki67 stain in each cell 
as a proxy for proliferation capability as a function of YAP/TAZ.  





¢ÐÑÒ − 𝑘x»?Ï𝐾𝑖67 𝑡  
Here, the transcriptional activation was modeled as a Hill-function activation as 
commonly used and demonstrated in experiments (Alon, 2007).  
Finally, in addition to the cell-cell contact signaling pathway, we extended our 
previous ECM mechanosensing model (M Sun et al., 2016) by adding the remodeling of 
myosin and F-actin in the non-cortical domain that constitute the stress fibers by cell 
density changes, as observed in experiments.  
Equation 5-25  							xÍ6TR?O H
xH
= 𝑘ÍQ 𝜀𝑇 𝑅𝑂𝐶𝐾° 𝑡 + 1 𝑚𝑦𝑜𝑠𝑖𝑛U − 𝑚𝑦𝑜𝑠𝑖𝑛° 𝑡 −




= 𝑘Q(𝛼𝑇 𝑚𝐷𝑖𝑎° 𝑡 + 1) 𝐴𝑐𝑡𝑖𝑛U − 𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡 −




When modeling the MDA-MB-231 cancer cells, we incorporated the up-
regulation of RhoA and Rock1 expression in MDA-MB-231 cells compared to the 
MCF10A cells (Gilkes et al., 2014), in addition to the loss of E-cadherin in MDA-MB-
231 cells. Previous study has shown that there is over-expression of integrin β-1 in MDA-
MB-231 cells (Sommers, Byers, Thompson, Torri, & Gelmann, 1994), which can also be 
incorporated in our model to help promote cell contractility and result in the same 
YAP/TAZ activity for different substrate stiffness and cell density (data not shown). To 
match with the experimental data, the density-dependent actomyosin regulation needs to 
shift towards lower density in MDA-MB-231 cells compared to MCF10A cells, which is 
likely due to MDA-MB-231 cells have larger cell sizes (Agus et al., 2013). We also 
proposed that there is a difference in YAP/TAZ kinetics between MCF10A cells and 
MDA-MB-231 cells (Figure 5-17b). This different possibly results from the diverse 
genetic alterations between the MCF10A and the MDA-MB-231 cells, associated with 
metabolic changes (Zanconato, Battilana, et al., 2016), AP-1 (Zanconato et al., 2015), 
TGF-β (Hiemer, Szymaniak, & Varelas, 2014), or a high YAP/TAZ expression (Zhang, 
Smolen, & Haber, 2008). Without characterizing the difference in YAP/TAZ kinetics 
between MDA-MB-231 and MCF10A cell lines, the contact remodeling of actomyosin in 
MDA-MB-231 cells needs to happen at less than 1,194 cells/mm2 (10 cells per image) for 
cell density, which seems too sparse to have the compactness effect in reality. 
Because the YAP/TAZ nuclear fraction in MDA-MB-231 cells mostly depends on 
the mechanical regulation, instead of the cell-cell adhesion mediated Hippo pathway 




mechanical regulation term as a function of the non-cortical actomyosin amount. 𝑘OS was 
estimated to have similar export rate as measured from different cell lines (Aragona et al., 
2013; Dupont et al., 2011). The range of YAP/TAZ nuclear fraction changes in MDA-
MB-231 with changing conditions determined 𝑘S6 , the portion of the import rate 
dependent on the actomyosin remodeling. The 𝑘SO was set with the minimum YAP/TAZ 
nuclear fraction in MDA-MB-231 cells, and the 𝐾SH was estimated from the single cell 
YAP/TAZ nuclear fraction on different substrate stiffnesses. Here, 𝑛SHT  needs to a 
higher order in the actomyosin-regulated Hill function to enable 𝐾SH  is realistic to be 
smaller than 1.  
The inhibition or knock-down experiments were mimicked in our mathematical 
model through changing the kinetic parameters or the total concentrations of proteins. For 
example, the siLATS1/2 treatment was achieved by reducing 𝐿𝐴𝑇𝑆U  to 10% of its 
original value, si𝛼-catenin treatment reduced the E-cadherin formed at cell-cell contacts 
by 70%, and the siCapzb treatment promoted the polymerization rate of non-cortical F-
actin 6-fold, where the effect reaches a saturation in promoting polymerization. The 
treatment in cancer in the mathematical model of inhibition of LATS1/2 phosphorylation 
was performed by decreasing 𝑘xÀR to one third of its original value, and the inhibition of 
actin was achieved by decreasing 𝑘Q to one third of it.   





5.3.2 Results  
Cell density sensing depends on substrate stiffness As a first check of our mathematical 
model (Figure 5-9a and details in the method section), we demonstrated that our model 
captures an inverse relationship between YAP/TAZ activity (quantified by the YAP/TAZ 
nuclear fraction) and cellular density (Figure 5-9b), as previously observed (Aragona et 
al., 2013).  This inverse correlation is strongest during the transition between the space 
and confluent cell density and on stiffer substrate. For benign epithelial cells, our model 
showed that with the input of local cell density is enough to capture the average 
YAP/TAZ nuclear ratio within populations due to various neighbor fraction and cell 
areas, which have shown to correlate with YAP/TAZ nuclear ratio. And upon reaching 
confluence, i.e., cells having all-around cell-cell contacts and minimal cell density to 
form an intact monolayer, the cell-cell adhesion and neighbor fraction regulated 
LATS1/2-regulated Hippo pathway signaling is dominant in attenuating YAP/TAZ 
nuclear fraction. Here, the cell-cell contact mediated phosphorylated LATS1/2 fraction 
and its effect on YAP/TAZ translocalization from cytoplasm to nucleus is seen to plateau 
at confluent cell densities according to our model (Figure 5-10), because maximal cell-
cell contacts have formed when reaching confluent. However, the suppression of 
YAP/TAZ nuclear fraction continues to increase for higher densities on glass. This result 
hints at cell-cell adhesion independent mechanisms, which have previously been 
suggested to be due to changes in actomyosin activity (Aragona et al., 2013).  However, 
how the actomyosin cytoskeleton is remodeled as a function of cell density and substrate 




out to unveil mechanisms underlying this regulation in the next section. 
To quantify the integrated effect of substrate stiffness and cell density on 
YAP/TAZ activity, we used both computational and experimental approaches to predict 
and measure YAP/TAZ nuclear fraction for these conditions (Figure 5-9b). Though the 
impact of either substrate stiffness or cell density on YAP/TAZ nuclear localization 
individually has been observed in benign epithelial cells, the integrated effect has not 
been quantitatively studied, and our model is able to fill this gap. Our model showed that 
only ECM stiffness regulates YAP/TAZ activity of sparse cells, i.e. those with no or 
minimal cell-cell contacts (Figure 5-9d). The model also predicted that there are two 
turning points associated with YAP/TAZ nuclear fraction as cell density increases 
(Figure 5-9b). The first point occurs where the upper plateau of YAP/TAZ nuclear 
fraction ends at low cell density, and it indicates that the regulation of YAP/TAZ is more 
sensitive to substrate stiffness than to cell density changes. The second turning point 
associates with where the lower plateau of YAP/TAZ nuclear fraction begins at high cell 
density, and it indicates the saturation of cell density inhibition on YAP/TAZ activity. 
Interestingly, while the upper plateau value of YAP/TAZ nuclear fraction at low cell 
density strongly depends on substrate stiffness, the lower plateau value at high cell 
density does not. In contrast, the location of the second turning point, i.e., the cell density 
at which the contact inhibition effect starts to saturate, depends strongly on substrate 
stiffness, while the location of the first turning point, i.e., the cell density at which the 
contact inhibition effect of YAP/TAZ activity starts to overcome the impact of substrate 




independent of substrate stiffness represents the minimal YAP/TAZ nuclear fraction of 
this cell type. The location of this minimal YAP/TAZ nuclear fraction shifts towards 
higher cell density as substrate stiffness increases. This implies that the checkpoint of 
contact inhibition happens at higher cell densities as substrate stiffness increases, and cell 
mechanics with increasing ECM stiffness can help partially overcome the contact 
inhibition checkpoint. Thus, our model predicted that signals are integrated through an 
AND-gate for YAP/TAZ activation: both stiff matrix and low cell number are required to 
activate YAP/TAZ, and either a sufficiently soft matrix or a sufficiently high cell density 
is able to exclude YAP/TAZ from nucleus (Figure 5-17a). As cell-cell adhesion-mediated 
LATS1/2 phosphorylation alone does not explain the shift of the checkpoint (Figure 5-
10), we therefore explored the role of cell mechanics in shifting cell-density-sensing 
function later. 
To demonstrate our model predictions we used the immortalized human breast 
epithelial cell line MCF10A, and found that our predictions of the YAP/TAZ nuclear 
fraction dependent on cell density and substrate stiffness in our model well align with the 
experimental results (Figure 5-9b). Here each experimental data point corresponds to the 
number fraction of cells with predominantly nuclear YAP/TAZ in one image (Figure 5-
9c), and we used it to approximate the average YAP/TAZ nuclear fraction in that image. 
Images with more cells naturally consider more cells for YAP/TAZ activity, and thus 
their average YAP/TAZ nuclear fraction have less variability. For both 1 kPa and 24 kPa 
substrates, cells reach the minimal YAP/TAZ nuclear fraction at around 2,389 cells/mm2 




3,583 cells/mm2 (30 cells per image). Thus, for cells on 1 kPa and 24 kPa substrates, their 
maximal cell densities are much lower than the ones for cells on glass, which is due to the 
low cell-ECM adhesion on soft substrate and consequently low YAP/TAZ-induced 
proliferation. For sparse cells, YAP/TAZ nuclear fraction rises monotonically with the 
substrate stiffness: about 50% at 1 kPa, 60% at 24 kPa and 90% on glass. Meanwhile, at 
high cell density where the contact inhibition saturates, the minimal YAP/TAZ nuclear 
fraction on average settles at 20%, though on 24 kPa there appears to be larger 
variability, likely due to a higher sensitivity to microenvironmental property fluctuations 
at intermediate stiffness. In summary, softer substrate stiffness leads the contact 
inhibition of YAP/TAZ activity to start at lower cell density (Figure 5-9d). Likewise, 
increasing the cell density shifts the stiffness response function in a way such that cells 
are more resistant to stiffness (Figure 5-9e). This clearly showed that contact inhibition 
can be affected by ECM mechanosensing in regulating YAP/TAZ activity, and vice 
versa.  
The signal integration through actomyosin remodeling To understand how the 
actomyosin network is remodeled as cell density changes, we proposed a hypothesis: in 
dense conditions, i.e., cell density that is higher than confluence (Aragona et al., 2013), 
the cortical F-actin is strengthened and the non-cortical actomyosin (stress fiber) is 
reduced to support changes in cell-cell stress due to largely confined cell area (Furukawa, 
Yamashita, Sakurai, & Ohno, 2017; Kumar et al., 2014; McClatchey & Yap, 2012; J.-A. 
Park et al., 2015). Consequently, as the amount of stress fibers reduces at dense 




thus have low YAP/TAZ nuclear localization. To demonstrate this hypothesis, we first 
applied our mathematical model to predict the amount of cortical and non-cortical F-actin 
in dependence on cell density and substrate stiffness. This dependence is important since 
the F-actin in the non-cortical domain such as stress fibers play a significant role in 
activating YAP/TAZ (Dupont et al., 2011; Elosegui-Artola et al., 2017). Our model 
predicted greater changes in different actin compartments due to varying cell density on 
glass than on softer substrates (Figure 5-11a). We thus validated our predictions on 
actomyosin remodeling in MCF10A cells by comparing F-actin compartments seeded at 
different densities on glass (Figure 5-11b). At lower density, cells form cell-cell contacts, 
and stress fibers are pronounced in several cells, without much F-actin co-localized at 
cell-cell contacts. At higher density, space constraints cause cells to have small cell areas, 
and F-actin is mostly localized at the cortical domain. These observations of F-actin 
remodeling are qualitatively in agreement with our model predictions (Figure 5-11a).  
We next investigated the potential mechanisms for the shift from Hippo-
dominated to cytoskeleton-dominated YAP/TAZ regulation. Our mathematical model 
showed that the nuclear localization of YAP/TAZ in dense conditions is dependent on 
LATS1/2, since siRNA-mediated depletion of LATS1/2 (details in the method section) 
increases nuclear YAP/TAZ level (Figure 5-11c). This is in agreement with previous 
experimental results (Aragona et al., 2013). However, these nuclear levels do not reach 
the same level as that observed in sparse conditions (as the siLATS1/2 treatment for 
confluent population did), suggesting that non-cortical actomoysin-mediated signals also 




domain is relatively low for dense cell populations, and this leads to reduced YAP/TAZ 
nuclear import (Elosegui-Artola et al., 2017). Comparing confluent to sparse cell 
densities, stress fibers are not significantly remodeled by the confluent compactness 
(Figure 5-11a), and thus cell-cell contact mediated LATS1/2 inhibition on YAP/TAZ is 
dominant. As shown in Figure 5-11e, for a large range of intracellular activities, 
actomyosin (stress fiber) regulation of YAP/TAZ is more dominant than cell-cell contact 
mediated LATS1/2 regulation, except at low non-cortical actomyosin level. Comparing 
dense to confluent cell density, cells have smaller area and stress fibers rapidly 
depolymerise due to this dense compactness. This leads to the observed drop of 
YAP/TAZ nuclear localization, since actomyosin-dependent YAP/TAZ regulation is 
dominant in this regime. In addition, our model also showed a synergistic effect between 
LATS1/2 and actin filament capping protein CapZ inhibition on YAP/TAZ nuclear 
fraction. This synergy is observed at both sparse and dense cell densities (Figure 5-11d). 
Here, the activation of actomyosin through siCapzb treatment, which knocks down F-
actin capping proteins to promote actin polymerization, is not sufficient to significantly 
increase YAP/TAZ nuclear fraction, compared to the combinatory treatment with 
siLATS1/2 and siCapzb (Figure 5-12). The underlying mechanism for this synergy is 
most likely due to the crosstalk between LATS1/2 and LIM kinase that regulates actin-
filament-severing proteins (M Sun et al., 2016). This mechanism may not lead to 
synergistic effect for some cell population and substrate stiffness (Figure 5-12b). 
Characteristic drivers of YAP/TAZ hyperactivation in cancer Since the cytoskeleton 




McClatchey & Yap, 2012), we studied whether cancer cells with de-regulated cell-cell 
adhesion still exhibit a contact inhibition mechanism dominated by cytoskeletal 
regulation. Here, as our experimental model system, we used the MDA-MB-231 breast 
cancer cell line, which lacks E-cadherin expression, and thus has reduced cell-cell 
adhesion and cell polarity (Zhan et al., 2008), and their mediated canonical Hippo 
pathway activity (Nam-Gyun Kim, Koh, Chen, & Gumbiner, 2011). We observed that the 
number fraction of YAP/TAZ nuclei-rich cells, approximating the average YAP/TAZ 
nuclear fraction, is higher in MDA-MB-231 cells than in MCF10A cells for most cell 
density and substrate stiffness (Figure 5-13). However, the dependence of YAP/TAZ on 
cell density still conserves, with a larger decrease in YAP/TAZ nuclear fraction from 
sparse to confluent density (around 1,791 cells/mm2, that is 15 cells per image) 
comparing to MCF10A cells. When increasing cell density above confluence, MDA-MB-
231 cells often detach and grow above the two-dimensional monolayer. Consequently, 
the observed maximally cell density was around 2,986 cells/mm2 (25 cells per image). In 
summary, despite of the loss of E-cadherin, MDA-MB-231 cells still exhibit density-
dependent suppression of YAP/TAZ nuclear localization through an E-cadherin and cell 
polarity independent mechanism. 
To better understand our experimental observations of YAP/TAZ activity in 
MDA-MB-231 cells for different substrate stiffness and cell density, we used our 
computational model to investigate potential mechanisms of this contact inhibition in 
cancer. Our model with only the loss of E-cadherin failed to explain the observed 




that the loss of E-cadherin expression together with an increased non-cortical actomyosin 
antagonize to promote YAP/TAZ activity (Figure 5-13d). This increased non-cortical 
actomyosin in MDA-MB-231 cells compared to MCF10A cells agrees with the observed 
increased traction forces observed before (Agus et al., 2013). Due to this increased non-
cortical actomyosin in MDA-MB-231s, the YAP/TAZ kinetic landscape dependent on 
actomyosin is shifted (Figure 5-17b, details in the method section). Further, MDA-MB-
231 cells has a larger spreading area than MCF10A cells (Agus et al., 2013; Nikkhah et 
al., 2011), and this leads to a shift in cell-size-dependent cytoskeletal remodeling. Thus, 
by using E-cadherin expression level, non-cortical actomyosin, cell-size-dependent 
cytoskeletal regulation, and YAP/TAZ kinetic dependence shift, our model was able to 
fully capture the difference in the YAP/TAZ nuclear localization observed between 
MCF10A cells and MDA-MB-231 cells for varying substrate stiffness and cell densities. 
Among these, the loss of E-cadherin and the increased non-cortical actomyosin activity 
were the key drivers and lead to the aberrant YAP/TAZ activity in cancer (Figure 5-14d). 
Interestingly, the impact of substrate stiffness on contact inhibition in regulating 
YAP/TAZ activity is similar in MDA-MB-231 cells as in MCF10A cells: softer substrate 
stiffness causes contact inhibition of YAP/TAZ activity to start at lower cell density, and 
higher cell density leads cells to reach their maximal YAP/TAZ stiffness response for 
stiffer substrates (Figure 5-13c). Moreover, our experiments showed that YAP/TAZ 
activity on glass is very similar to the one on 24 kPa (data not shown), which indicates 
that 24 kPa is close to the saturation of the YAP/TAZ stiffness sensing. Here, MDA-MB-




soft substrates (i.e. ECM softness checkpoint) at confluent cell densities. This ECM 
softness checkpoint was reduced for MDA-MB-231 at sparse cell density, while in 
MCF10A cells this ECM softness checkpoint was similar at both sparse and confluent 
cell population. Thus, YAP/TAZ contact inhibition did not follow the AND-gate control 
in MDA-MB-231 cells as it did in MCF10 cells (Figure 5-17a). 
YAP/TAZ-mediated proliferation To demonstrate that the signal integration of cell density 
and substrate stiffness on YAP/TAZ nuclear fraction applies to the proliferation activity, 
we measured the proliferation in benign and cancer cells using Ki67 as a marker. 
Interestingly, the experiment showed that the Ki67-positive fraction has a monotonic 
relationship with average YAP/TAZ nuclear localization of cells with the same cell 
densities independent of substrate stiffness, and thus YAP/TAZ nuclear fraction serves as 
a surrogate of the proliferation activity. We found that the number of proliferating cells 
(quantified by the Ki67-positive fraction) can be described by a Hill function of 
YAP/TAZ nuclear fraction (Figure 5-15a), which is in agreement with the transcriptional 
function of YAP/TAZ in regulating proliferation cooperatively (Benham-Pyle, Pruitt, & 
Nelson, 2015; Piccolo et al., 2014). Notably, this function is independent of the substrate 
stiffness, and this implies that signals from substrate stiffness are largely transduced 
through YAP/TAZ to regulate proliferation. Based on this Hill function, our predictions 
on the Ki67-positive fraction for various substrate stiffness and cell densities in both 
MCF10A cells and MDA-MB-231 cells agree well with our observations (Figure 5-15b-
e). This agreement demonstrated that YAP/TAZ directly mediates proliferation in a Hill 




Similar to YAP/TAZ, contact inhibition of proliferation is affected by ECM 
mechanosensing and vice versa: contact inhibition of proliferation both starts and 
saturates at higher cell density as the substrate is stiffer, with MCF10A and MDA-MB-
231 cells exhibiting different sensitivities to stiffness (Figure 5-16). For MCF10A cells, 
the largest shift of cell density sensing function occurs from 24 kPa to glass, while for 
MDA-MB-231 cells, the largest shift was observed when the substrate stiffness changes 
from 1 kPa to 24 kPa. The softness inhibition both starts and saturates on stiffer 
substrates as cell density increases. For MCF10A cells, the largest shift in the stiffness 
sensing function occurs both from sparse to confluent and from confluent to dense cell 
density, while for MDA-MB-231 cells, the largest shift happens from confluent to dense 
cell density. Interestingly, the proliferation dependence on stiffness shifts towards softer 
substrates in MDA-MB-231 cells compared to MCF10A cells, which indicates that 
MDA-MB-231 cells have higher proliferation rates on the same substrate stiffness. This 
is in line with previous observations (Agus et al., 2013) and is also in line with that 
YAP/TAZ stiffness sensing function shifts towards softer substrates in MDA-MB-231 
cells compared to MCF10A cells due to their increased non-cortical actomyosin activity. 
5.4 Discussion 
Our study investigated the signaling integration mechanism of simultaneous signals such 
as cell-ECM and cell-cell signals, that is mechanosensing and the cell adhesion-mediated 
canonical Hippo pathways on YAP/TAZ regulation. By investigating YAP/TAZ and their 
role in mediating proliferation for varying cell densities and substrate stiffness conditions, 




cell area is inverse with the local cell density, and the neighbor fraction can also be 
incorporated in the local cell density using a two-phase function. We found this 
simplification can explain and predict average YAP/TAZ nuclear fraction at confluent 
and dense population, while the shape of cell plays a more important role in regulating 
YAP/TAZ at sparse population. Because there is evidence that the Hippo pathway 
signaling is both dependent (Zhao et al., 2012) and independent (Aragona et al., 2013; 
Dupont et al., 2011; Furukawa et al., 2017) on the mechanosensing, we built our model to 
have the Hippo pathway signaling mainly mediated by the cell-cell contacts to better 
study its integration with mechanosensing. Our results and conclusions generally still 
hold if considering the actomyosin regulation of YAP/TAZ through the Hippo pathway 
signaling. Our finding of the double checkpoint for YAP/TAZ activation (Figure 5-17a) 
is in line with the previous proposal that LATS1/2 reinforces the suppression of nuclear 
YAP/TAZ irrespective of the primary cause of YAP/TAZ inactivation (Zanconato, 
Cordenonsi, et al., 2016). Calibrating our signaling model with data from the well-
characterized studies testing single inputs, we found that underlying this double 
checkpoint, YAP/TAZ activation requires both the mechanical activation and the cell 
adhesion-mediated canonical Hippo inhibition, which lead to a synergistic effect both in 
activating YAP/TAZ for single cells on soft substrates (Figure 5-11d) and in inhibiting 
YAP/TAZ for confluent population on stiff substrate (Figure 5-17b). This inhibition 
synergy is especially pronounced in aggressive cancers with a shift in YAP/TAZ 
dynamics (Figure 5-13d). The loss of E-cadherin has a dual role in both suppressing 




cadherin found elsewhere (Vargas, Sun, Kukuruzinska, & Zaman, 2016). This reduction 
of cell-cell contacts weakens the cortical F-actin, which consequently frees more G-actin 
in the cytoplasmic compartments to form stress fibers (Suarez & Kovar, 2016). The 
aberrant, pro-malignant YAP/TAZ activation thus requires the concurrence of distinct 
events, such as a relief from the LATS1/2-mediated repression as well as a mechanical 
activation mechanism (Zanconato, Cordenonsi, et al., 2016) (Figure 5-13). While in the 
present study we focused on YAP/TAZ-regulated proliferation (Figure 5-15), YAP/TAZ 
also regulate cancer stem cell properties, apoptosis and chemoresistance (Harvey et al., 
2013; Moroishi et al., 2015), and thus studying this signaling antagonism has important 
therapeutic implications (Figure 5-13d). 
Our study also identified some gaps in knowledge, which may inspire further 
studies. We demonstrated a crosstalk between cell-cell and cell-ECM interactions by the 
remodeling between actin compartments. This remodeling in actin can be caused by 
either cellular compactness or substrate stiffening, and consequently results in altered 
YAP/TAZ nuclear fraction. We observed that MCF10A cells expressing E-cadherin 
sense increasing cell density through increases in both the phosphorylated LATS1/2 
fraction and the amount of cortical F-actin, and simultaneous decreases in the amount of 
non-cortical F-actin. A recent study has found cortical actin rings regulating YAP/TAZ 
nuclear exclusion via Merlin translocalization (Furukawa et al., 2017). This study also 
suggested that there are two subtypes of epithelial cells with respect to their actomyosin 
regulation of YAP/TAZ: one predominantly regulated through cortical actomyosin and 




in a stress-fiber-regulating manner, since there is evidence that stress fibers dominantly 
regulate YAP/TAZ activity in these cell lines (Dupont et al., 2011). Moreover, we have 
shown that MDA-MB-231 are sensitive to cell density and exhibit contact inhibition, 
which has been shown to be regulated by YAP/TAZ (N.-G. Kim et al., 2011), in addition 
to a p27Kip1-dependent mechanism as found in some cell types (Seluanov et al., 2009). 
Contact inhibition also depends on EGF signaling (Fan, Kim, & Gumbiner, 2013), so we 
tested serum depletion in both MCF10A cells and MDA-MB-231 cells and found that for 
dense conditions, serum is not a limiting factor to inhibit proliferation (Figure 5-18). 
Notably, this remodeling of F-actin between compartments provides a mechanism for 
cancer cell density sensing by hyper-activated contractile actomyosin in promoting 
YAP/TAZ-mediated proliferation. This mechanism can help to explain why tumor 
progression is enhanced by changing microenvironmental mechanical properties 
(Levental et al., 2009). Our study demonstrated that this important endogenous 
mechanosensing mechanism is still conserved in cancer to regulate growth. This provide 
a potential way for cancer treatment targeting mechanosensing molecules (Cox, Kintzing, 
Smith, Grant, & Cochran, 2016).  
YAP/TAZ have previously been shown to respond to many diverse inputs 
including the cell-cell adhesion protein E-cadherin (N.-G. Kim et al., 2011), molecules 
involved in cell polarity regulation (Szymaniak et al., 2015), growth factors such as EGF 
(Fan et al., 2013) or LPA (Yu et al., 2012), but also to mechanical inputs (Dupont et al., 
2011; Elosegui-Artola et al., 2017). Our model provided a mechanism for the 




which can be easily extended to include other regulators of YAP/TAZ. For example, we 
have modeled LATS1/2 in a cooperative manner, given that LATS1/2 activation is 
regulated by cell polarity proteins, such as Crumbs3 (Szymaniak et al., 2015; Varelas et 
al., 2010), Scrib (G. Chen, Rubinstein, & Li, 2012; Mohseni et al., 2014), Merlin 
(Furukawa et al., 2017; Zanconato, Cordenonsi, et al., 2016), and Kibra (Moleirinho et 
al., 2013). We here considered Crumbs3 to represent the activity of these molecular 
regulators of LATS1/2, and our model can be extended to include these molecules for 
future studies. In addition, both compactness and cell shape regulate YAP/TAZ activity 
(Dupont et al., 2011) and consequently proliferation and apoptosis (C. S. Chen, Mrksich, 
Huang, Whitesides, & Ingber, 1997). The cytoskeleton directly regulates cell shape, and 
shape in turn regulates subcellular molecular localization such as Rho GTPases and 
YAP/TAZ, and thus can feedback to regulate the cytoskeleton (Qiao et al., 2017; Spill, 
Reynolds, Kamm, & Zaman, 2016). This is a complex feedback between cytoskeleton, 
shape, and YAP/TAZ activity (Qiao et al., 2017; Sero & Bakal, 2017; Meng Sun & 
Zaman, 2017), which has not been well studied. Moreover, previous studies also reported 
that overexpression of YAP can lead to down-regulation of E-cadherin (Moleirinho et al., 
2013), which we have not explicitly included in our model for simplicity, even though 
such feedback might partially be involved in cell-density sensing in cancers (J. Park et 
al., 2017). Here, without this feedback, our model still has such switch-like YAP/TAZ 
activation through the double checkpoint mechanism. If we take this effect into account 
in tumors, we may obtain interesting dynamics for tumor progression. Further 




feedback will be essential to understand the precise mechanisms of YAP/TAZ regulation 
and their role in malignancy. 
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Figure 5-1: YAP/TAZ mechano-sensing signaling pathway network (M Sun et al., 
2016). This is the scheme of the computational signaling cascade model. The ECM 
mechanical properties are transmitted to intracellular signals via adhesion molecules, 
such as FAK. Adhesion molecules activation induces RhoA binding with GTP. The 
RhoA-GTP drives the formation of actomyosin via mDia and ROCK activation. mDia is 
a formin that polymerizes F-actin. ROCK can both activate myosin and induce F-actin 
assembly through LIMK and cofilin. Eventually, the resultant of F-actin and myosin, i.e., 
stress fibers in 2D systems, leads to the YAP/TAZ nuclear translocation. In comparison 
with YAP/TAZ mechanical sensing mechanism, SRF/MAL senses mechanical inputs by 
being inhibited by G-actin. In addition, the Hippo core component LATS is sensitive to 
cell-cell interactions. The synergistic effect between the mechanical sensing and the 





Figure 5-2: The FAK activity model comparison (M Sun et al., 2016). Our model 
adapts from the previous Michaelis-Menten model of FAK activation rate dependent on 
ECM ligand density (Asthagiri et al., 1999; Kumar et al., 2014). After incorporating the 
ECM stiffness in the model, we found that the second-order hill function matches the 
experimental data from previous work (P P Provenzano et al., 2009), with the Michaelis-






Figure 5-3: Molecular intervention of YAP/TAZ activity in stiffness sensing (M Sun 
et al., 2016). (a) The results in the computational model regarding to molecular 
interventions are consistent with the experimental results from previous mechanical 




process is mimicked by up- or down-regulating the correspondence kinetic parameters. 
The soft environment here is 0.5 kPa hydrogel for 2D MEC cells, while stiff environment 
is 20 kPa hydrogel (Dupont et al., 2011). Blebbist.: myosin inhibitor. Y-27632: ROCK 
inhibitor. C3: RhoA inhibitor. Lat. A: F-actin inhibitor. mDia: over-expression of mDia 
(a formin that induces F-actin assembly). (b) Local sensitivity analysis on the 
nondimensionalized model. The local perturbations of adhesion relevant parameters (𝐶, 
𝑘RÁ and 𝑘xÁ) are the most robust ones in affecting YAP/TAZ activity in the model. This 
is the local sensitivity analysis of YAP/TAZ activity in stiff environment by down-
regulating the kinetic parameters individually 10%. The up-regulating effect is much 
weaker than this, since most of the molecular activities are saturated. The up-regulation 
in soft environment also shows that the adhesion is the most robust component in 
affecting YAP/TAZ activity (Figure 5-4). (c) and (d) are cell stiffness response function, 
which is a YAP/TAZ activity function regulating cellular behavior such as proliferation 
dependent on external ECM stiffness. (c) Different amounts of FAK determine the 
threshold stiffness for cell stiffness sensing by shifting the curves horizontally. FAK0~1 
corresponds the endogenous FAK amount of NMuMG cell in 3D collagen. Collagen with 
25 kPa is a soft environment and 45 kPa is a stiff environment for 3D NMuMG cells. If 
FAK is over-expressed to about 3-fold, 20 kPa will appear as a stiff environment for 
these cells. (d) The 2D MEC and MSC stiffness sensing identifies 1kPa ECM 
environment as soft and 20kPa as stiff, while in 3D NMuMG cells senses 25 kPa as soft 
and 45 kPa as stiff. These stiffness response functions are very alike the ones of 





Figure 5-4: Local sensitivity analysis of YAP/TAZ model in soft environment (M Sun 
et al., 2016). This shows the local sensitivity in YAP/TAZ model by up-regulating the 
kinetic parameters in a soft environment. In consistent with Figure 5-3b, the adhesion 






Figure 5-5: Stiffness response function with changing protein contents (M Sun et al., 
2016). (a) and (b) are active RhoA fraction and stress fiber content changing along with 
the stiffness under different amount of FAK. The RhoA activity goes plateau as the 
stiffness increases. Both the sensitivity range and the plateau position of RhoA change 
with FAK intervention. (c) The YAP/TAZ stiffness response function shifts vertically by 
changing total amount of mDia for 3D NMuMG cells as an example. mDia0~1 
corresponds the endogenous mDia amount of NMuMG cell in 3D collagen. (d) The stress 
fiber content stiffness response function changes along the total amount of mDia. The 
stress fiber content change with stiffness gives rise to the YAP/TAZ stiffness response. 
As predicted in YAP/TAZ activity, the FAK shifts the stress fiber content stiffness 
response function horizontally, while other actin molecules such as mDia shifts the stress 





Figure 5-6: YAP/TAZ activity sensitivity analysis and comparison with SRF/MAL 
(M Sun et al., 2016). (a) shows YAP/TAZ nuclear localization under different stiffness 
environment, in comparison with MAL nuclear translocation. Here MAL nuclear 
translocation is not as robust as YAP/TAZ in response to stiffness change, likely due to 
YAP/TAZ has myosin-dependent amplification effect other than the common regulator 
G-actin/F-actin in SRF/MAL activity. (b) shows the sensitivity analysis of kinetic 
parameters, as an example of activation rate of FAK 𝑘RÁ/𝑘RÁU  and 𝑘Áº/𝑘ÁºU . In 
addition to YAP/TAZ keeps showing higher sensitivity than MAL translocation fold-
change regarding to different stiffness, the shape of the activated region reveals the 
down-regulating FAK and RhoA has a robust effect in regulating the YAP/TAZ and 





Figure 5-7: The kinetic parameter analysis of ROCK and mDia (M Sun et al., 2016). 
Using the same method as in Figure 3b, we analyze the activation rate of ROCK and 
mDia on YAP/TAZ sensitivity to ECM stiffness, and also compare with SRF/MAL 
sensitivity. Similar with regulating adhesion and RhoA components, down-regulating 
ROCK and mDia shows a dramatic effect in the YAP/TAZ sensitivity to stiffness. 
However, SRF/MAL shows a relative monotonic dependence on mDia activation, which 
regulates F-actin polymerization. This indicates that SRF/MAL increase rate dependence 
on F-actin is also monotonic and the increase rate of SRF/MAL in stiff environment is 
larger than the one in soft environment. The YAP/TAZ sensitivity to stiffness pattern 
shows that by down-regulating the ROCK and mDia, the YAP/TAZ decrease rate in soft 
environment is first lower than the one in stiff environment, and then rises the other way. 
Comparing with the dependence on FAK and RhoA sensitivity analysis, the region of 
high YAP/TAZ activity is smaller, indicating that there are other more robust regulators 






Figure 5-8: The synergistic effect between the mechano-sensing and the Hippo 
pathway (M Sun et al., 2016). (a) Adding the interaction between LIMK and LATS, 
which induces more free active LIMK molecules by adding siLats, YAP/TAZ is activated 
synergistically compared with inducing F-actin assembly and adding siLats separately. 
Condition1: stiff environment. 2: Soft environment. 3: Soft environment with siLats. 4: 
Soft environment with siCapZ. 5: Soft environment with both siLats and siCapZ. CapZ is 
a capping protein that inhibits F-actin polymerization. Here the effect of siCapZ on soft 
environment can be quantified as its corresponding YAP/TAZ activity (H(siCapZ)) 
abstracting the activity of YAP/TAZ in soft environment (control: H(soft)). The 
synergistic effect is quantified as H(siCapZ) – H(soft) + H(siLats) – H(soft) > 
H(siCapZ+siLats) – H(soft), i.e., H(siCapZ) + H(siLats) > H(soft) + H(siCapZ+siLats). 
(b) With a higher dependence on F-actin than on myosin, the YAP/TAZ showed a more 






Figure 5-9: Contact inhibition is affected by ECM mechanosensing and vice versa. 
(a) The YAP/TAZ signaling pathway network on which our computational model was 




density is not only sensed by activating the Hippo pathway through cell-cell adhesions 
and apical-basal polarity complexes, but also affects actomyosin reorganizations and thus 
the YAP/TAZ activity through these two major routes. (b) YAP/TAZ activity (measured 
by the YAP/TAZ nuclear fraction) for different matrix stiffness and cell densities 
(measured by the cell density in units of cells/mm2) was predicted by our computational 
model, and it matched with the experimental results of MCF10A cells on collagen-coated 
polyacrylamide or glass substrates at variable cell densities. YAP/TAZ nuclear fraction 
increases as substrate stiffness increases, and it decreases as cell density increases. At 
high cell densities YAP/TAZ activity is independent of stiffness, and cells have maximal 
YAP/TAZ nuclear exclusion, subject to noise fluctuations from the microenvironment at 
intermediate substrate stiffness. (c) shows representative images from (b), where cellular 
nuclei are shown in red (via BOBO-3 staining) and YAP/TAZ localization is shown in 
green. The localization of YAP/TAZ molecules in the nucleus represents its activity. The 
scale bars are 20 µm. (d,e) Our model predicted both the YAP/TAZ mechanosensing 
function and the YAP/TAZ cell-density-sensing function. Softer substrate stiffness causes 
YAP/TAZ-mediated contact inhibition to start at lower cell density (d), and higher cell 
density leads cells to reach maximal YAP/TAZ mechanosensing response at higher 
substrate stiffness (e). (f) Though the YAP/TAZ ratio data points under high cell density 
on 24 kPa substrate stiffness from the same experiment of (b) looked like two clusters, 
the raw data of nuclear to cytoplasmic YAP/TAZ intensity ratio did not. The artifact of 






Figure 5-10: The YAP/TAZ nuclear fraction with density sensing solely regulated by 
the cell adhesion-mediated LATS1/2 phosphorylation. (a) Our signaling model 
allowed us to predict the YAP/TAZ nuclear fraction without actomyosin remodeling by 
cell density, such that only the cell adhesion-mediated LATS1/2 regulates YAP/TAZ 
density sensing. In this case, the YAP/TAZ nuclear fraction only drops partially at 
intermediate cell density before reaching confluence and does not further decrease at 
dense cell population, compared to the one with both the cell adhesion-mediated 
LATS1/2 phosphorylation and the actomyosin remodeling. The actomyosin remodeling 
due to density changes plays a significant role in YAP/TAZ suppression, especially on 
glass. (b) Our model showed that for confluent cell densities on glass, the LATS1/2 
kinases play a dominant role in suppressing YAP/TAZ, while for dense conditions on 
glass, the LATS1/2 knock-down cannot fully rescue YAP/TAZ nuclear fraction to the 




(Aragona et al., 2013). (c) Our model showed that the phosphorylated LATS1/2 fraction 
and its regulated YAP/TAZ nuclear import rate both plateau at confluence independent of 





Figure 5-11: Shifts in cytoskeletal compartments are critical in YAP/TAZ 
regulation. (a) Our model predicted the exclusive roles of F-actin in the cortical and the 
non-cortical compartments. As the cell density increases, cortical F-actin increases and 
non-cortical F-actin decreases (measured by the mass fraction of the total actin). (b) F-
actin in the two compartments is different at these two cell densities: for higher cell 
densities, a thicker cortex is visible with less stress fibers (right). The scale bars are 20 
µm. (c) YAP/TAZ nuclear localization predicted by our computational model with 
siLATS1/2 and siα -catenin treatment, which inhibits cadherin junctions, on 40 kPa 
substrate stiffness. The effect of inhibiting the Hippo regulators for dense conditions is 
not as pronounced as for confluent conditions, which matched with previous experiments 




computational model with the siLATS1/2 and the F-actin capping protein inhibitor 
siCapZb treatment both in dense cell populations on glass and in single cells on soft 
substrates. A synergistic effect between siLATS1/2 and siCapZb is shown for both 
conditions. (e) The landscape of YAP/TAZ dependent on non-cortical actomyosin and 
phosphorylated LATS1/2 fraction. The black dot is the control, the red dot is the 
YAP/TAZ activity with siCapZb treatment, the blue dot is the YAP/TAZ activity with 
siLATS1/2 treatment, and the purple dot is the YAP/TAZ activity with both the siCapZb 
and the siLATS1/2 treatments. The landscape demonstrates why the synergies happen. 
The effect of combinatorial siRNA treatment in promoting YAP/TAZ nuclear fraction is 
larger than the rise of YAP/TAZ nuclear fraction with only the siLATS1/2 and only the 

















Figure 5-12: The synergistic effect of LATS1/2 and cytoskeleton treatment on 
YAP/TAZ nuclear fraction. (a) The synergistic effect is more pronounced when 
YAP/TAZ are regulated by actomyosin in a high-order-hill-function dependence (nÙebÚ =
3 in Equation 5-23). In contrast, the cooperativity of LATS1/2 regulation in YAP/TAZ 
(quantified by 𝑛À°ÅÄ in Equation 5-23) has negligible impact on the synergistic effect. 
The combinatorial effect in YAP/TAZ activation here is measured by the difference 
between the effect of the combinatorial siRNA treatment, and the effect sum of only the 
siLATS1/2 and only the siCapzb treatment, i.e., YAP/TAZR?À°ÅÄ&R?µàw −
𝑌𝐴𝑃/𝑇𝐴𝑍STOHQT − YAP/TAZR?À°ÅÄ − 𝑌𝐴𝑃/𝑇𝐴𝑍STOHQT + YAP/TAZR?µàw −
𝑌𝐴𝑃/𝑇𝐴𝑍STOHQT . A positive value of this combinatorial effect refers to a synergistic 
effect, while a negative one refers to an antagonistic effect. (b) The dependence of the 
synergistic effect between siLATS1/2 and siCapzb treatment is studied for different cell 




pronounced on soft substrates for low cell densities or on very stiff substrates for high 
densities. Our model predicted that under sparse and confluent cell populations, the 
synergy between the LATS1/2 inhibition and the actomyosin activation tightly restricts to 
only soft substrates. As the cell population goes higher, the substrate stiffness allowing 
for the synergy shifts towards higher stiffness. The higher the cell population is, the wider 
is the stiffness domain that is subject to the synergy. These shifts of synergy conditions 
largely depend on the inhibition of YAP/TAZ activity: the more YAP/TAZ is inhibited, 
the more parameter ranges are subject to synergy. Meanwhile, our model also predicts 
this synergy can be converted to an antagonism for some conditions. (c) The landscape of 
YAP/TAZ dependence on actomyosin and LATS1/2 activity with both first order Hill 
functions. The black dot is the control, the red dot is the YAP/TAZ activity with siCapZb 
treatment, the blue dot is the YAP/TAZ activity with siLATS1/2 treatment, and the 
purple dot is the YAP/TAZ activity with both siCapZb and siLATS1/2 treatments. The 
landscape leads to an additive rather than a synergistic effect with the siCapZb and the 






Figure 5-13: YAP/TAZ nuclear fraction in cancer cells for various substrate 
stiffness and cell densities. (a) YAP/TAZ activity of cancer cells, predicted with our 
model, is mainly driven by the loss of E-cadherin and up-regulation of non-cortical 
actomyosin. In general, YAP/TAZ nuclear fraction is higher in MDA-MB-231 cells than 
in MCF10A cells. Surprisingly, YAP/TAZ nuclear fraction still decreases significantly as 
cell density increases. (b) The nuclei were stained by BOBO-3 (red) and the YAP/TAZ 
localization (green) for sparse, confluent and dense conditions seeded on 1 kPa and 24 
kPa collagen-coated hydrogel substrates. The scale bars are 20 µm. For sparse conditions, 
YAP/TAZ are mainly localized in the nuclei. As the cell density increases, the YAP/TAZ 
nuclear fraction drops. (c) 24 kPa is close to the saturation of the MDA-MB-231 cell 
YAP/TAZ stiffness sensing, and there is less sensitivity to substrate stiffness for MDA-
MB-231 cells compared to MCF10A cells, especially at sparse cell populations. (d) The 
inhibition of actin and activation of LATS1/2 have a synergistic effect in inhibiting 
YAP/TAZ nuclear fraction among MDA-MB-231 cells with confluent density on stiff 




by E-cadherin loss and increase of the substrate stiffness in these cancer cells. Here, the 






Figure 5-14: The difference in YAP/TAZ signaling between MDA-MB-231 and 
MCF10A cells is caused by the loss of cell-cell adhesions and changes in cell 
mechanics. (a) According to our model, MCF10A cells with only a loss of E-cadherin 
have similar YAP/TAZ nuclear fraction to the MDA-MB-231 cells for dense cell 
conditions on different substrate stiffness. However, for sparse conditions, the YAP/TAZ 
nuclear fraction is much lower than the one observed in MDA-MB-231 cells. (b) The 
upregulation of both RhoA and Rock expression in MCF10A cells with a loss of E-




However, YAP/TAZ nuclear fraction still differs from the one observed in MDA-MB-
231. (c) The combinatorial treatment effect of the actin inhibition and the inhibition of 
LATS1/2 dephosphorylation depends strongly on the cell density and the substrate 
stiffness. The combinatorial effect is strong in various conditions, ranging from single 
cells on soft substrates to high cell densities on stiff substrates. Here, the combinatorial 
effect in YAP/TAZ inhibition is measured by the difference between the effect of the 
combinatorial treatment, and the effect sum of only the actin inhibition and only the 
LATS1/2 dephosphorylation inhibition, i.e., YAP/TAZSTOHQT − 𝑌𝐴𝑃/
𝑇𝐴𝑍SH?áPÀ°ÅÄ&âOℎ?w?H°SH?O − ( YAP/TAZSTOHQT − 𝑌𝐴𝑃/𝑇𝐴𝑍SH?áPÀ°ÅÄ + YAP/
TAZSTOHQT − 𝑌𝐴𝑃/𝑇𝐴𝑍âOℎ?w?H°SH?O ). (d) The combinatorial effect of E-cadherin loss and 
the increase in substrate stiffness for activating YAP/TAZ. This combinatorial effect in 
YAP/TAZ activation is measured by the difference between the effect of the 
combinatorial treatment, and the effect sum of only the increase of the substrate stiffness 
and only the E-cadherin loss, i.e., YAP/TAZ±SxÀTRR&âOSQPRP±RãwRHQHP − 𝑌𝐴𝑃/
𝑇𝐴𝑍STOHQT − ( YAP/TAZ±SxÀTRR − 𝑌𝐴𝑃/𝑇𝐴𝑍STOHQT + YAP/
TAZâOSQPRP±RãwRHQHP − 𝑌𝐴𝑃/𝑇𝐴𝑍STOHQT ). A positive value of this combinatorial effect 
refers to a synergistic effect, while a negative one refers to an antagonistic effect. We 
note that the highest combinatorial effect is obtained for intermediate range cell densities 








Figure 5-15: YAP/TAZ correlates with cell proliferation. (a) YAP/TAZ activity 
tightly correlates with proliferation (quantified by the Ki67-positive fraction) in a Hill 
function-dependent manner for both MCF10A cells and MDA-MB-231 cells, regardless 
of substrate stiffness. (b-e) the Ki67-positive fraction at sparse, confluent and dense cell 
densities in both MCF10A cells and MDA-MB-231 cells seeded on collagen-coated 1 




the proliferating cells were stained with Ki67 markers (green). Our model and experiment 
showed that as the cell density increases, the Ki67 nuclei-rich fraction decreases. For 
MCF10A cells, most sparse cells on 24 kPa substrate and glass are proliferating (Ki67 
positive), while some sparse cells on 1 kPa substrate have lower Ki67. For MDA-MB-
231 cells, most confluent cells (15 cells) have lower Ki67 fraction on 1 kPa compared to 






Figure 5-16: YAP/TAZ-mediated proliferation for MDA-MB-231 and MCF10A cells 
with varying substrate stiffness and cell densities. The proliferating cell fraction 
measured by the Ki67-positive cell fraction in MCF10A cells (a) and MDA-MB-231 cells 






Figure 5-17: The multi-dimensional landscape of YAP/TAZ activity and 
proliferation. (a) Generally, the YAP/TAZ nuclear fraction is higher in MDA-MB-231 
cancer cells than in the benign epithelial MCF10A cells. For MCF10A cells, there are 
two checkpoints for growth control: the substrate stiffness and the cellular density, but for 
MDA-MB-231 cells, there is only one checkpoint for cell density. (b) The landscape of 
YAP/TAZ dependent on non-cortical actomyosin and phosphorylated LATS1/2 fraction 
for both MCF10A and MDA-MB-231 cells. The MCF10A cells have a sudden transition 
on YAP/TAZ activity between low and high actomyosin activity. This leads to a switch-
like behavior with changing substrate stiffness, as well as a synergistic effect between 
Hippo and non-cortical actomyosin signaling on YAP/TAZ regulation. The MDA-MB-
231 cells have a smoother transition between low and high actomyosin activity, which 
thus loses the substrate stiffness checkpoint for YAP/TAZ activation, and leads to a 
synergy in inhibiting YAP/TAZ activity with LATS1/2 phosphorylation and non-cortical 




cell density, substrate stiffness, YAP/TAZ activity and cell proliferation for MCF10A 
cells. Because the proliferation activity is regulated solely by YAP/TAZ activity 
independent of substrate stiffness, we can reconstruct the proliferation, YAP/TAZ 
activity and cell density correlation using the surface in this 3D map. We also showed the 
projections on the plane yielding the dependence of YAP/TAZ on cell densities, as shown 






Figure 5-18: The Ki67-positive fraction for different cell density on glass in both 
MCF10A and MDA-MB-231 cells with serum starvation. The Ki67-positive fraction 
is quantified by the Ki67-positive cell number fraction to measure cell proliferation. The 





Chapter 6: Conclusions and Future Work 
6.1 Matrix-based microenvironmental feature quantification toolkit 
To quantitatively elucidate the physical features of collagen fiber alignment, we 
developed a fast and sensitive quantification method and validated our results in an 
integrated computational and experimental study. By studying in silico fibers, in vitro 
acellular gels and fibers around spheroids, we were able to quantify a series of collagen 
features such as alignment, which can potentially infer tumor progression. These 
quantitative methods can be useful tools in large data analysis, especially in ECM 
reorganization during tumor progression. The correlation between collagen features such 
as the degree of alignment and the intersection number may play an important role in 
investigating how collagen fiber alignment effects cell migration and invasion.  
6.1.1 Major contributions 
This study provides a novel platform in studying tumor microenvironment features. 
People have entered the big data era of studying the expression profiles and the daily 
routine is to use tSNE to cluster cell types, to study either the continuous phenotypes, or 
the temporal unidirectional cell type or phenotype development (Wagner, Regev, & 
Yosef, 2016). Among all of these big data studies, cells are the subjects being plotted in 
the tSNE figures. Here, we urge to also put our focus on the microenvironment, which 
cells live in, rely on, and tightly interact with. They are also part of ‘basis vectors’ in 
biological system, and can reveal new important science using tools of big data. Because 
they are nonliving abiotic factors, their behaviors are passive and relatively easier to 




based microenvironmental features in accordance with the temporal changes of tumor 
progression. This has great potential in becoming next generation microenvironment atlas.  
6.1.2 Future investigations 
To compare and determine the progression stage based on a new data set of 
microenvironment, the tSNE analysis always requires the ‘training’ dataset. The 
multilinear regression can predict the tumor embedding days with an error around one 
day based on the in vitro data. Thus building a matrix feature or an overall 
microenvironment database is valuable for the demand of training data and dramatically 
improve the prediction and prognostic accuracy. 
6.2 Collagen fiber network model  
6.2.1 Major contributions 
Here we proposed a collagen fiber network model focusing on single fiber temporal 
dynamics with customized external perturbations. This model was the first collagen 
model to study fibrous network compression dynamics and to find the different roles of 
single collagen properties in network stress during the compression and recovery states. 
The model also demonstrated the collagen densification and realignment close to the 
interface during compression, which implied the mechanism of both TACS1 and TACS2 
during tumor expansion. The model also showed that the crosslinks in collagen network 
changed the mechanical property of collagen during remodeling mainly by increasing 
single fiber stretching and bending stiffness, compared with the function of interfiber 




progression (Levental et al., 2009). Therefore, our model provided an important platform 
in exploring matrix-targeted tumor therapy by modifying the microenvironment 
mechanical properties. 
6.2.2 Future investigations 
Due to the customized irregular boundary condition input of collagen fiber network, and 
the stress output with selected fibers, our model can be easily extended to study the 
mechanical property change of collagen network in various system, such as 
nanoindentation with a spherical indenter (Figure 6-1). Also our model can easily 
incorporate with single migrating cells in 3D to study the mechanism of different cell 
migration patterns among various collagen alignments (Figure 6-2): the persistence in 
traction forces plays the key role in promoting single cell migration in radial aligned 
collagen fibers (TACS3), while inhibiting the migration in tangentially aligned collagen 
fibers (TACS2). The cell migration speed among different collagen alignment was 
similar and did not vary significantly.  
6.3 YAP/TAZ mathematical model 
6.3.1 Major contributions 
We employed mathematical modeling to gain new insights into the mechanisms of the 
integration of mechanical and molecular signals though the YAP/TAZ signaling pathway. 
The model incorporated, for the first time, multiple simultaneous mechanochemical 
signals to gain a systems level understanding of YAP/TAZ signaling. We found, through 
modeling and associated experiments, that YAP/TAZ signal integration exhibits an 




provide two independent checkpoints for growth control in healthy cells. Previous work 
(Sero & Bakal, 2017) has used a statistical method to study the impact of various 
upstream regulators and shape features on YAP/TAZ signaling, and required cell shapes, 
neighbor fraction, protrusion and local cell density to predict YAP/TAZ nuclear fraction 
at sparse cell density. Here, we used a mechanistic model to address how different factors 
integrate at the intracellular signaling level to regulate YAP/TAZ, and we demonstrated 
that simply ECM stiffness and local cell density can predict the average YAP/TAZ 
nuclear fraction in a large extent among cell population, especially at confluent and dense 
cell population. This complemented the study of Sero and Bakal’s at a larger range of cell 
densities and narrows down key players to predict YAP/TAZ nuclear fraction in a 
systemic manner. On the other hand, we demonstrated how advanced cancers overcome 
this mechanical checkpoint, where a single perturbation in cell density was sufficient to 
drive YAP/TAZ-mediated growth. Part of this was due to actin remodeling that resulted 
from the spatial confinement. Cytoskeletal remodeling was found to be responsible for a 
wide range of cell functions and is thus an active research topic (Suarez & Kovar, 2016). 
Last but not the least, our study also showed that MDA-MB-231 cells have a lower 
nuclear import rate at similar cellular contractility level, but the endogenous high 
contractility in MDA-MB-231 cells is dominant in driving the YAP/TAZ activity. This is 





6.3.2 Further investigations 
There are many exciting studies that can be further developed based on our work 
of YAP/TAZ. For example, the signaling pathway model parameters extracted from the 
experimental data was fitted in a trivial loop search, which is computational expensive 
and is not necessary a global solution. Here the target function in such a parameter 
optimization problem was clear: 
Equation 6-1     fHQmPH = (𝑌𝐴𝑃/𝑇𝐴𝑍±,ºÍTxP − 𝑌𝐴𝑃/𝑇𝐴𝑍±,ºÍPRãQPx)3º±  
Here, YAP/TAZ nuclear ratio measured in experiments and predicted in our model were 
compared at different substrate stiffness 𝐸 and local cell density 𝜌. This target function 
can be further expanded to include other molecular concentrations over multiple time 
points. Our goal was to  
minimize
	
fHQmPH , 𝑠𝑢𝑐ℎ	𝑡ℎ𝑎𝑡	𝑎𝑛𝑦	𝑘?: 𝑘?Të < 𝑘? < 𝑘?
ã 
Here 𝑘?Të and 𝑘?
ã were the lower and upper bound of kinetic parameter 𝑘?. If there was 
no clear experimental measurement of 𝑘?Të  and 𝑘?




HT = 10𝑘?ÍPRãQPx , where 𝑘?ÍPRãQPx  was the measured kinetic 
parameter value in a similar biological system. 
For such an optimization problem, it is common to solve it with the gradient 
descent method. The challenge here is that there is no analytical solution of YAP/TAZ 
nuclear ratio as a function of kinetic parameters in ordinary differential equations (ODEs), 
so one cannot calculate the gradient directly. A way to tackle this is the backpropagation 




The neural network algorithm also lacks an analytical form of the targeted function in 
terms of parameters. To apply the backpropagation method in our ODE equations, we 
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Here the synthetic/degradation rate linearly depends on the kinetic parameter we would 
like to fit, and also depends on the concentration of the molecules interacting with it in a 
function form 𝑓?
@ 𝑥? 𝑡 . It can be either the linear or nonlinear function of molecular 
concentration 𝑥? 𝑡 , such as the hill function. One can easily extend this to include the 
cross-interaction term that involves two molecular concentrations or more. The target 
function is defined as the second order sum of the difference between the computational 
prediction and the experimental measurements (least square method): 




				𝑜𝑟		(𝑥ÍPRãQPx ∞ − 𝑥
QPx?SHPx ∞ )3			𝑖𝑓	𝑜𝑛𝑒	𝑜𝑛𝑙𝑦	𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠	𝑡ℎ𝑒	𝑠𝑡𝑒𝑎𝑑𝑦	𝑠𝑡𝑎𝑡𝑒. 
In gradient descent method, to calculate the set of kinetic parameters in ODE that leads to 
the minimal target function, the iteration step is calculated by the gradient of fHQmPH over 
k: 
Equation 6-4 						𝐤OPë = 	𝐤Tx + δ𝛁𝐤fHQmPH			 




to solve 𝛁𝐤fHQmPH directly in an analytical form, we use the backpropagation method in 
analog of the neural network algorithm (Figure 6-3). In this way, we provide a novel 
global parameter fitting method of ODE equations in a data-driven way. 
 Another extension of this work is to incorporate this YAP/TAZ model in an off-
lattice agent-based model (Gevertz et al., 2015; M. J. Kim, Reed, & Rejniak, 2014; 
Pérez-Velázquez, Gevertz, Karolak, & Rejniak, 2016; Shah, Rejniak, & Gevertz, 
2016) to study the YAP/TAZ-regulated tumor spheroid dynamics. Here is a demo of this 
multi-scale model, which shows that the cells in the spheroid center have YAP/TAZ in 
suppression, while stay active in YAP/TAZ activity in the peripheral of tumor spheroid 





6.4 Figures  
 
Figure 6-1: The collagen network simulation for nanoindentation. Here this is a demo 
of an irregular boundary condition perturbing the collagen network. A rigid sphere was 
compressed down to mimic the nanoindentation experiment. And we found that the radial 
force measured on the indentation surface in our simulation looked similar with the 
nanoindentation experimental data, while cannot be explained by the vertical force 






Figure 6-2: Cell migration simulation quantification in different collagen network 
alignment. (a) Single cell migrating distance along z axis (z axis was in the same 
direction as the radial alignment) within different aligned fiber matrix revealed that cells 
migrated furthest in radial aligned collagen fibers, and shortest in tangential aligned 
collagen. (b) Cell migrating speed among these matrices showed no significant difference. 







Figure 6-3: The neural network of ODEs for molecular concentrations x1, x2, x3. This 
is the network diagram of molecular dynamics: each node represents a molecular 
concentration at one time point, and each edge represents a dependent relationship. For 
example, x1(1) is a function of x1(0), x2(0) and x3(0) as in the Euler method: x8 1 =






Figure 6-4: The demo of multiscale model incorporating the YAP/TAZ signaling. In 
this simulation, the system started with one single cell and expanded to a tumor spheroid. 
Each iteration step corresponds to 30 mins. At early stage when tumor cells were not 
confluent, cells had active YAP/TAZ (labeled by yellow in cells) and the corresponding 




with heterogeneous YAP/TAZ activity within the clusters. The peripheral cells 
maintained a high activation of YAP/TAZ (yellow), while cells beneath the peripheral 





APPENDIX 1: List of Equations 
Equation 3-1  𝐽+(𝑖, 𝑗) = 𝐺+3(𝑖, 𝑗) −	𝐺63(𝑖, 𝑗), 
                       𝐽6 𝑖, 𝑗 = 2𝐺+ 𝑖, 𝑗 𝐺6 𝑖, 𝑗 . 




).                                                                   
Equation 3-3  𝐴𝐼 = 8
D
(2𝑐𝑜𝑠3(𝜃? − 𝜃Hℎ) − 1)D?J8 . 
Equation 3-4  𝑁?OHPQRPSH?TO = 𝛽U + 𝛽8𝐴𝐼 + 𝛽3𝑓𝑖𝑏𝑒𝑟% + 𝜀. 
Equation 4-1  𝑭RHQPHSℎ?Om = −𝑘RHQPHSℎ?Om∆𝒍/2.  
Equation 4-2  𝑘RHQPHSℎ?Om 	= 𝐸𝐴/𝑙U. 
Equation 4-3  |𝑭′wPOx?Om| = 𝑘wPOx?Om𝜃/𝑙U. 
Equation 4-4  𝑘wPOx?Om = 𝑐wPOx?Om𝐸𝐼/𝑙U. 
Equation 4-5  −(𝑭′wPOx?OmTO	8 + 𝑭′wPOx?OmTO	 )𝑑𝑡/3 = 𝑭′′wPOx?Om𝑑𝑡.  
Equation 4-6  𝑭wPOx?Om = 𝑭′wPOx?Om + 𝑭′′wPOx?Om.  
Equation 4-7 𝑭SQTRR?OTO	SQ+8 = 𝑭RHQPHSℎ?OmTO	SQ+3 + 𝑭wPOx?OmTO	SQ+3 , 
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Equation 4-9   𝒓? 𝑡 + 𝑑𝑡 = 𝒓? 𝑡 +
xH

𝒌8?(𝑡) + 2𝒌3?(𝑡) + 2𝒌?(𝑡) + 𝒌|?(𝑡) , 
where  𝒌8? 𝑡 =
8





𝑭? 𝒓8 𝑡 + 𝑑𝑡
𝒌(H)
3
, 𝒓3 𝑡 + 𝑑𝑡
𝒌(H)
3







𝑭? 𝒓8 𝑡 + 𝑑𝑡
𝒌(H)
3
, 𝒓3 𝑡 + 𝑑𝑡
𝒌(H)
3
, … , 
 𝒌|? 𝑡 =
8

𝑭? 𝒓8 𝑡 + 𝑑𝑡𝒌8 𝑡 , 𝒓3 𝑡 + 𝑑𝑡𝒌3 𝑡 , … . 
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C 2 + (LD(t)× Emol(t))2
(FAK 0 − FAKP(t))− kdf FAKP(t)
dRhoAGTP(t)
dt
= k fkρ(γ (FAKP(t))2 +1)(RhoA0 −RhoAGTP(t))−kdρRhoAGTP(t)
RhoAGTP =
k fkρ(γ (FAKP(t))2 +1)
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= 𝑘RµQ°SH 1 + 𝑘R6O𝐸𝑐𝑎𝑑°= 𝑡 + 𝑘R6OSx𝑓3 𝜌 𝑡 𝐴𝑐𝑡𝑖𝑛U −
																																		𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡 − 𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡 − 𝑘xSQ𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡  










= kra(aT(mDiaA(t))+1)Gactin(t)− kdepFcyto(t)− k fc1cofilinNP(t)Fcyto(t)
dYAP / TAZN(t)
dt
= (kCN + kCYFcyton(t)myoA(t))(YAP / TAZ0 −YAP / TAZN(t))
















= 𝑘µQw 𝐶𝑟𝑏U − 𝐶𝑟𝑏°¾ 𝑡 − 𝐶𝑟𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																				−𝑘xµQw𝐶𝑟𝑏°¾ 𝑡 + 𝑘ÁwµQw 𝐶𝑟𝑏U − 𝐶𝑟𝑏°¾ 𝑡 − 𝐶𝑟𝑏¿À¾ 𝑡 𝐶𝑟𝑏°¾ 𝑡  
Equation 5-19	xµQwÂÃ¼ H
xH
= 𝑘µQw 𝐶𝑟𝑏U − 𝐶𝑟𝑏°¾ 𝑡 − 𝐶𝑟𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																			−𝑘xµQw𝐶𝑟𝑏¿À¾ 𝑡 − 𝑘OHm𝐶𝑟𝑏¿À¾ 𝑡 𝑆𝑐𝑏¿À¾ 𝑡  
Equation 5-20	xÄSw¼ H
xH
= 𝑘ÄSw 𝑆𝑐𝑏U − 𝑆𝑐𝑏°¾ 𝑡 − 𝑆𝑐𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																			−𝑘xÄSw𝑆𝑐𝑏°¾ 𝑡 − 𝑘OHm𝐶𝑟𝑏°¾ 𝑡 𝑆𝑐𝑏°¾ 𝑡  
Equation 5-21	xÄSwÂÃ¼ H
xH
= 𝑘ÄSw 𝑆𝑐𝑏U − 𝑆𝑐𝑏°¾ 𝑡 − 𝑆𝑐𝑏¿À¾ 𝑡 𝐸𝑐𝑎𝑑°= 𝑡  
																																																		−𝑘xÄSw𝑆𝑐𝑏¿À¾ 𝑡  
Equation 5-22	xÀ°ÅÄ H
xH





¢Ç´È 𝐿𝐴𝑇𝑆U − 𝐿𝐴𝑇𝑆É 𝑡 	 
																																																	−𝑘xÀR𝐿𝐴𝑇𝑆É 𝑡  
Equation 5-23  		xÊ°É/Å°ËÌ H
xH
= 𝑘S6
Í6TR?O H ³SH?O¢¬¢¤¬´«¤©¥ H 
¢©¤«¬
Í6TR?O H ³SH?O¢¬¢¤¬´«¤©¥ H  ¢©¤«¬¨»©¤«





¢Ã Î 𝑌𝐴𝑃/𝑇𝐴𝑍U − 𝑌𝐴𝑃/𝑇𝐴𝑍D 𝑡 − 𝑘OS𝑌𝐴𝑃/𝑇𝐴𝑍D 𝑡  





¢ÐÑÒ − 𝑘x»?Ï𝐾𝑖67 𝑡  
Equation 5-25  							xÍ6TR?O H
xH
= 𝑘ÍQ 𝜀𝑇 𝑅𝑂𝐶𝐾° 𝑡 + 1 𝑚𝑦𝑜𝑠𝑖𝑛U − 𝑚𝑦𝑜𝑠𝑖𝑛° 𝑡 −








= 𝑘Q(𝛼𝑇 𝑚𝐷𝑖𝑎° 𝑡 + 1) 𝐴𝑐𝑡𝑖𝑛U − 𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡 −
𝐹𝑎𝑐𝑡𝑖𝑛STQH?S 𝑡 (1 − 𝑓3 𝜌 𝑡 ) − 𝑘xP(1 + 𝑘ÁS8𝑐𝑜𝑛𝑓𝑖𝑙𝑖𝑛DÉ(𝑡))𝐹𝑎𝑐𝑡𝑖𝑛OTOSTQH?S 𝑡  




= 𝑘88𝑓88 𝑥8 𝑡 + 𝑘38𝑓38 𝑥3 𝑡 + 𝑘8𝑓8 𝑥 𝑡
x+ H
xH
= 𝑘83𝑓83 𝑥8 𝑡 + 𝑘33𝑓33 𝑥3 𝑡 + 𝑘3𝑓3 𝑥 𝑡
x+î H
xH
= 𝑘8𝑓8 𝑥8 𝑡 + 𝑘3𝑓3 𝑥3 𝑡 + 𝑘𝑓 𝑥 𝑡
	 




				𝑜𝑟		(𝑥ÍPRãQPx ∞ − 𝑥
QPx?SHPx ∞ )3			𝑖𝑓	𝑜𝑛𝑒	𝑜𝑛𝑙𝑦	𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠	𝑡ℎ𝑒	𝑠𝑡𝑒𝑎𝑑𝑦	𝑠𝑡𝑎𝑡𝑒. 




APPENDIX 2: Nondimensionalized equations of YAP/TAZ mechanosensing 
and their parameters 
The nondimensionalization has been carried out for the model. The refined parameters 
are in the Table A2-1 and the redefined variables are in the Table A2-2. And we mainly 
focus on the ECM stiffness in our paper and thus treat ligand density constant. The model 
is applicable with changing ligand density, as it is adapted from the ligand density 
dependent adhesion model (Asthagiri et al., 1999; Kumar et al., 2014). The variables of 
proteins are normalized per cell. Most of the proteins involved in YAP/TAZ stiffness 
sensing have been found to be constant under stiff and soft environment, for example, the 
total amount of FAK (P P Provenzano et al., 2009), RhoA (P P Provenzano et al., 2009), 












= kfkρ(γ ( fak(t))2 +1)(1− rhoA(t))−kdρrhoA(t)  
drock(t)
dt
= krρrhoA(t)(1− rock(t))−kdrockrock(t)  
dmdia(t)
dt




= kmr(εT(rock(t))+1)(1−myo(t))−kdmymyo(t)  
dlimk(t)
dt






= kturn−over(1− cofilin(t))−kcr(1−klllats0)limk2(t)cofilin(t)  
dfcyto(t)
dt
= kra(αT(mdia(t))+1)(1− factin(t))− (kdep + k fc1cofilin(t)) fcyto(t)  
dyaptaz(t)
dt





(1− factin(t))2 (1−mal(t))−kncmmal(t)  
Table A2-1: The parameter values used in the nondimentionalized model. 
Parameter Value Reference 
!
ksf  0.0175 s
-1 Kumar et al. (Kumar et al., 2014) 
kdf  0.035 s
-1 Kumar et al. (Kumar et al., 2014) 
C  
45 kPa for 3D 
NMuMG cells 
Estimated from Provenzano et al. (P P 
Provenzano et al., 2009) 
C  
25 kPa for 2D MEC 
and MSC Estimated from Dupont (Dupont, n.d.) 
!
k fkρ  0.018 s
-1 Estimated from Provenzano et al. (P P Provenzano et al., 2009) 
γ  500 
Estimated from Provenzano et al. (P P 
Provenzano et al., 2009) 
kdρ  0.625 s
-1 Sako et al. (Sako et al., 2000) 
krρ  2.2 s
-1 Edelstein-Keshet et al. (Dawes & Edelstein-
Keshet, 2007; Holmes et al., 2012) 
kdrock  0.8 s




kmρ  1 s
-1 Estimated 
kdmDia  1 s
-1 Estimated 
kmr  0.015 s
-1 Estimated 
ε  40 Estimated 
!
kdmy  0.067s
-1 Cirit et al. (Cirit et al., 2010) 
klr  0.07 s
-1 Estimated from Tania et al. and Song et al. (Song et al., 2006; Tania et al., 2011) 
τ  200 Estimated 
!kdl  2 s
-1 Estimated from Tania et al. and Song et al. 
(Song et al., 2006; Tania et al., 2011) 
!kturn−over  0.04 s
-1 Tania et al. (Tania et al., 2011) 
kcr  0.7 s
-1 Tania et al. (Tania et al., 2011) 
kll  0.8 s
-1 Estimated from Yang et al. (X. Yang et al., 2004) 
!kra  0.4 s
-1 Estimated 
α  40 
Estimated from Higashida et al. (Higashida 
et al., 2008) 
!
kdep  3.5 s
-1 Bonder et al (T. Pollard, 1986) 
k fc1  8 
Estimated from Tania et al. and Song et al. 
(Song et al., 2006; Tania et al., 2011) 
kCN  0.1 s
-1 Estimated 





kNC  3 s
-1 Estimated 
kly  6 s
-1 Estimated 
kcnm  0.2s
-1 Estimated from Connelly et al. (Connelly et al., 2010) 
 
 
Table S2-2: Redefinition of the variables in the nondimensionalized model                   
Variables in the 
nondimen-
sionalized model 







Variables in the 
dimensionalized model 
C  !C /LD  !kcr  kcrLIMK0
2
 
γ  γ FAK0
2
 kll  !kllLATS0  
krρ  !krρRhoA0  α  !αmDia0  
kmρ  !kmρRhoA0  k fc1  !kfc1Cofilin0  
ε  !εROCK0  kCY  !kCYactin0
nMyo0  
τ  !τROCK0  kly  !klyLATS0  
 kra  kra(1+ β )  
kcnm  !kcnm /kmg(1+β)
2
 
fak  FAKP /FAK0  !limk  LIMKA /LIMK0  
!rhoA  RhoAGTP /RhoA0  cofilin  !CofilinNP /Cofilin0  
rock  ROCKA /ROCK0  fcyto  !Fcyto/actin0  
mdia  mDiaA /mDia0  yaptaz  !(YAP /TAZ)N /(YAP /TAZ)0  





APPENDIX 3: Nondimensionalized equations of YAP/TAZ integration model 
and their parameters 
To simplify the computations and mathematical analysis, we carried out the 
























=klr(⌧T (RockA(t)) + 1)(1  LIMKA(t))  kdlLIMKA(t)
dcofilinNP (t)
dt
=kturnover(1  cofilinNP (t))  kcr(1  kllLATS0)LIMKA(t)2cofilinNP (t)
dFactinnoncortical(t)
dt
=  kdep(1 + kfc1cofilinNP (t))Factinnoncortical(t)+
kra(↵T (mDiaA(t)) + 1)(1  Factinnoncortical(t)  Factincortical(t))(1  f2(⇢(t)))
dmyosinA(t)
dt
=kmr("T (RockA(t)) + 1)(1 myosinA(t))
  kdmymyosinA(t)( f2(⇢(t))myosinA(t) + 1)
dEcadAJ(t)
dt




=ksCrAct(1 + ksynaEcadAJ(t))(1  Factinnoncortical(t)  Factincortical(t))




=kkCrb(1  CrbAD(t)  CrbBLD(t))EcadAJ(t)  kdCrbCrbAD(t)
+ kfbCrb(1  CrbAD(t)  CrbBLD(t))CrbAD(t)
dCrbBLD(t)
dt











Table A3-1: the parameters in the YAP/TAZ signaling model integrating mechano- and 
density sensing 
Parameters Values Reference 
Mechanosensing signaling 
𝑘RÁ 0.00875 s-1 
Estimated from (Kumar et al., 2014; M Sun et al., 2016) 
and the MCF10A experimental data 
𝜁 10	 Estimated from (Kumar et al., 2014; M Sun et al., 2016) and the MCF10A experimental data	ζ 
𝐶 55 kPa Estimated from the MCF10A experimental data 
𝑘xÁ 0.035 s-1 (Kumar et al., 2014; M Sun et al., 2016) 
𝑘ÁõsT° 0.0448 s-1 
Estimated from (Paolo P Provenzano, Eliceiri, & Keely, 
2009; M Sun et al., 2016) and the MCF10A experimental 
data 
𝛾 41.5 Estimated from (Paolo P Provenzano et al., 2009) and the MCF10A experimental data 
𝑘xõℎT° 0.625 s
-1 (Sako et al., 2000; M Sun et al., 2016) 
𝑘QõℎT° 3.2 s
-1 Estimated from (Dawes & Edelstein-Keshet, 2007; 
dScbBLD(t)
dt

















nLATS )(1  Y AP/TAZN (t))










Holmes et al., 2012; M Sun et al., 2016) and the 
MCF10A experimental data 
𝑘xQTS 0.8 s-1 (Feng et al., 1999; Ji et al., 2014; M Sun et al., 2016) 
𝑘ÍõℎT° 4 s
-1 Estimated from (M Sun et al., 2016) and the MCF10A experimental data 
𝑘xÍ¾? 1 s
-1 (M Sun et al., 2016) (estimated) 
𝑘Q 0.2 s
-1 Estimated from (Song et al., 2006; M Sun et al., 2016; Tania et al., 2011) 
𝑅𝑜𝑐𝑘Àâö»Â 0.35 Estimated from (M Sun et al., 2016) 
𝜏 500 Estimated from (M Sun et al., 2016) 
𝑘x 2 s
-1 (M Sun et al., 2016) (estimated from (Song et al., 2006; Tania et al., 2011)) 
𝑘HãQOTáPQ 0.04 s
-1 (M Sun et al., 2016; Tania et al., 2011) 
𝑘SQ 40.1 s
-1 Estimated from (Aragona et al., 2013; M Sun et al., 2016; Tania et al., 2011) 
𝑘 0.99 s
-1 Estimated from (Aragona et al., 2013; M Sun et al., 2016) 
𝑘Q 3.7 s-1 Estimated from (T. Pollard, 1986; M Sun et al., 2016) 
𝛼 9 Estimated from (Higashida et al., 2008; M Sun et al., 2016) 
𝑚𝐷𝑖𝑎°SH?OÂ 0.2 Estimated from (M Sun et al., 2016) 
𝑘xP 0.35 s-1 Estimated from (T. Pollard, 1986; M Sun et al., 2016) 
𝑘ÁS8 60 
Estimated from (Song et al., 2006; M Sun et al., 2016; 
Tania et al., 2011) 
𝑛3 5 Estimated from the MC10A experimental data 
𝑘ÍQ 0.0167 s-1 Estimated from (M Sun et al., 2016) 




𝑘xÍ6 0.067 s-1 (Cirit et al., 2010; M Sun et al., 2016) 
𝑅𝑜𝑐𝑘Í6TR?OÂ 0.3 
Estimated from (M Sun et al., 2016) and the MCF10A 
experimental data 
𝛽 40 Estimated from (M Sun et al., 2016) and the MCF10A experimental data 
Hippo pathway signaling 
𝑘R±Sx 0.006 s-1 Estimated from (Engl et al., 2014) 
𝑘R6O 0.667 Estimated from (Engl et al., 2014) 
𝐾¾ 
2,389 
cells/mm2 Estimated from the MCF10A experimental data 
𝑘x±Sx 0.0015 s
-1 Estimated from (Engl et al., 2014) 
𝑛8 3 
Estimated from the MCF10A experimental data and 
(Engl et al., 2014) 
𝑘RµQ°SH 0.0105 s-1 Estimated from (Engl et al., 2014) 
𝑘R6O 0.5 Estimated from (Engl et al., 2014) 
𝑘R6OSx 0.075 s-1 Estimated from (Engl et al., 2014) 
𝐾µ  
3,344 
cells/mm2 Estimated from the MCF10A experimental data 
𝑘xSQ 0.03 s-1 Estimated from (Engl et al., 2014) 
𝑘µQw 0.238 s
-1 Estimated from (Altschuler, Angenent, Wang, & Wu, 2008; Fletcher et al., 2012) 
𝑘xµQw 0.25 s-1 
Estimated from (Altschuler et al., 2008; Fletcher et al., 
2012) 
𝑘ÁwµQw 0.0167 s-1 
Estimated from (Altschuler et al., 2008; Fletcher et al., 
2012) 
𝑘OHm 5 s-1 






-1 Estimated from (Altschuler et al., 2008; Fletcher et al., 2012) 
𝑘xÄSw 0.15 s-1 
Estimated from (Altschuler et al., 2008; Fletcher et al., 
2012) 










0.0011 s-1 Estimated from the MCF10A experimental data and (Aragona et al., 2013; Elosegui-Artola et al., 2017) 
𝐾À°ÅÄ 0.12 
Estimated from the MCF10A experimental data and 
(Aragona et al., 2013) 
𝑛À°ÅÄ 3 
Estimated from the MCF10A experimental data and 
(Aragona et al., 2013) 
𝑘OS 0.001 s-1 
Estimated from the MCF10A experimental data and 












3 Estimated from the MCF10A experimental data and (Aragona et al., 2013) 
𝑘R»Ï 0.00007 s
-1 Estimated from the MCF10A experimental data and (Benham-Pyle et al., 2015) 









0.30 Estimated from the MCF10A experimental data 
𝑘x»?Ï  0.00007 s
-1 Estimated from the MCF10A experimental data and (Benham-Pyle et al., 2015) 
Specific for MDA-MB-231 cells 
𝑅ℎ𝑜𝐴U 3 Estimated from (Gilkes et al., 2014) 
𝑅𝑜𝑐𝑘U 3 Estimated from (Gilkes et al., 2014) 
𝐸𝑐𝑎𝑑U 0.01 Estimated from (Agus et al., 2013) 
𝐾µ  
2,628 
cells/mm2 Estimated from the MDA-MB-231 experimental data 
𝐾SH 0.55 Estimated from the MDA-MB-231 experimental data 
𝑛SHT 4 Estimated from the MDA-MB-231 experimental data 
𝑘6  0.00104 s-1 Estimated from the MDA-MB-231 experimental data 
𝑘S6  0.0164 s-1 Estimated from the MDA-MB-231 experimental data 
𝐾Ê°É/Å°Ë 0.54 Estimated from the MDA-MB-231 experimental data 
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